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Abstract
Background: Telehealth interventions, that is, health care provided over a distance using information and communication
technology, are suggested as a solution to rising health care costs by reducing hospital service use. However, the extent to which
this is possible is unclear.
Objective: The aim of this study is to evaluate the effect of telehealth on the use of hospital services, that is, (duration of)
hospitalizations, and to compare the effects between telehealth types and health conditions.
Methods: We searched PubMed, Scopus, and the Cochrane Library from inception until April 2019. Peer-reviewed randomized
controlled trials (RCTs) reporting the effect of telehealth interventions on hospital service use compared with usual care were
included. Risk of bias was assessed using the Cochrane Risk of Bias 2 tool and quality of evidence according to the Grading of
Recommendations Assessment, Development and Evaluation guidelines.
Results: We included 127 RCTs in the meta-analysis. Of these RCTs, 82.7% (105/127) had a low risk of bias or some concerns
overall. High-quality evidence shows that telehealth reduces the risk of all-cause or condition-related hospitalization by 18 (95%
CI 0-30) and 37 (95% CI 20-60) per 1000 patients, respectively. We found high-quality evidence that telehealth leads to reductions
in the mean all-cause and condition-related hospitalizations, with 50 and 110 fewer hospitalizations per 1000 patients, respectively.
Overall, the all-cause hospital days decreased by 1.07 (95% CI −1.76 to −0.39) days per patient. For hospitalized patients, the
mean hospital stay for condition-related hospitalizations decreased by 0.89 (95% CI −1.42 to −0.36) days. The effects were similar
between telehealth types and health conditions. A trend was observed for studies with longer follow-up periods yielding larger
effects.
Conclusions: Small to moderate reductions in hospital service use can be achieved using telehealth. It should be noted that,
despite the large number of included studies, uncertainties around the magnitude of effects remain, and not all effects are statistically
significant.
(J Med Internet Res 2021;23(9):e25195) doi:10.2196/25195
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Introduction
Many see the COVID-19 crisis as an opportunity to stimulate
digital transformation. We can expect digital care and eHealth
to receive a boost during this era. Creativity and flexibility are
stimulated to formulate an answer to challenges in patients
fearing infection in a hospital and to social distancing being
necessary within hospital premises. Telehealth, defined as health
care provided over a distance using information and
communication technology (ICT) to enable interaction between
patients and health professionals [1], may offer a solution.
However, the efficacy of telehealth is unclear. When the dust
has settled, there is a need to properly evaluate experiences and
the evidence base underlying various forms of telehealth.
In addition, digital transformation is considered in response to
the need to improve patient centeredness and concerns about
growing health care expenditures [2,3]. Limiting the need for
inpatient care, which is the main driver of hospital costs, may
reduce health care expenditures [4,5]. Manufacturers’ claims
and commercial pilot reports seem to dominate the debate, and
policy makers frequently embrace those claims. In the
Netherlands, the government presumes that hospital care can
return to a very low percentage of annual volume growth in
view of the anticipated effects of digital transformation.
However, the extent to which telehealth can reduce hospital
service use remains unclear. Some reviews have reported on
the effect of telehealth on this outcome, finding both reductions
and increases in hospital service use [6-8]. A recent systematic
overview of telehealth interventions found that the effect on
all-cause hospitalizations ranged from a reduction of 13.8% to
an increase of 4.7% [6]. No prior review has compared the
effects between health conditions, and most have focused on a
single telehealth type, limiting generalizability [6-8]. Firm
evidence for economic benefits is also limited, as
cost-effectiveness studies are sparse and show contradictory
results [9,10]. Moreover, telehealth can be implemented in
various ways. Telehealth interventions include (1) video
consultation, (2) automated device-based monitoring, (3)
web-based monitoring, (4) interactive voice response (IVR)
systems, (5) mobile telemonitoring, and (6) structured telephone
support (STS) [6].
We conducted a systematic literature review of randomized
controlled trials (RCTs) aiming to provide an overview of the
evidence for the effect of telehealth on hospital services use,
that is, all-cause and condition-related hospitalizations, and their
duration (per patient and per hospitalization). Furthermore, we
evaluated the risk of bias in all studies, as well as the quality of
evidence for all outcomes. Finally, we explored which types of
telehealth are most effective and which patient groups are the
optimal target for reducing hospital service use.

Methods
Overview
This review followed the guidelines of the Cochrane Handbook,
with some modifications [11]. Notably, we used reporting of
the outcomes of interest as an inclusion criterion, selected
studies and extracted data partially in duplicate (20%), and
https://www.jmir.org/2021/9/e25195
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deviated somewhat from the suggested algorithm to judge the
risk of bias arising from the randomization process (Multimedia
Appendix 1).

Data Sources and Searches
We searched MEDLINE, Scopus (Elsevier), and the Cochrane
Central Register of Controlled Trials (Wiley) from inception
up to April 2019. The search strategy (Multimedia Appendix
2) was developed by GMP using MeSH (Medical Subject
Headings) terms and reference lists of relevant reviews until it
encompassed all important keywords, and the search found all
pertinent articles included in earlier reviews. WHVH and CJMD
critically evaluated the search strategy before implementation.

Eligibility Criteria
RCTs and cluster RCTs reporting the use of telehealth
interventions compared with usual care were included.
Telehealth was defined as health care interventions provided
over a distance using ICT to enable interactions between patients
and health professionals or among health professionals. Patients
of any age and with any health conditions were considered.
Reported outcomes included at least one of the following:
all-cause hospitalization, condition-related hospitalization, or
length of hospital stay. We considered only published, English,
full-text, and peer reviewed articles. We did not apply any
restrictions to the setting or date of publication.
This review follows the taxonomy of telehealth interventions
developed in another systematic review [8], which differentiates
between video consultations, (automated) device-based
monitoring, web-based telemonitoring, IVR, mobile
telemonitoring, and STS.
Video consultations are defined as any intervention using
synchronous, two-way, audio-visual communication between
patients and health care providers to perform triage or provide
health advice. If measurement devices were provided,
measurements were communicated solely during the video
consultations.
In device-based monitoring, patients are provided with devices
to measure vital signs or to report symptoms essential for
detecting changes in health status. Automated alerts triggering
actions from health care providers, such as phone calls, are
frequently included.
Web-based telemonitoring includes interventions using a web
portal to enable patients to report vital signs and symptoms, and
to enable health professionals to provide educational material
and feedback.
In IVR systems, patients are required to enter vital signs and
symptoms through their home or mobile telephone in response
to automated questions. These systems are typically combined
with automated alerts that trigger actions from health care
providers.
With mobile telemonitoring, patients actively submit vital signs
and symptoms through their personal mobile devices. Vital
signs are measured using external measurement devices.
STS provides patients with a specified number of telephone
contacts for a given period of time, during which patients report
J Med Internet Res 2021 | vol. 23 | iss. 9 | e25195 | p.12
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adjustments, or referrals to health professionals.
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Data Synthesis and Analysis

Data Collection and Extraction

Risk differences between telehealth and usual care were
calculated for data reported as cumulative incidences.
Cumulative incidences reported as percentages were converted
to the number of participants with events. For data reported as
means, such as the mean number of hospitalizations per patient,
the mean differences (MDs) between telehealth and usual care
were calculated. Missing SDs were calculated, where possible.
All calculations were performed according to Chapter 6 of the
Cochrane Handbook [14]. Meta-analyses were conducted with
the meta package in R, Version 3.6.3, (R Foundation for
Statistical Computing) [15], using Mantel-Haenszel
random-effects models. Hartung-Knapp adjustment is used to
better reflect the uncertainty in the estimation of between-study
heterogeneity in CIs [16,17].

GMP screened all titles and abstracts. This screening was
independently verified on a sample basis (10%) by LK and AL.
Screening of full text articles was performed identically.
Disagreements were resolved through discussion, or adjudication
by CJMD. Screening was performed using the Covidence
systematic review software [12].

The overall quality of evidence was rated according to the
Grading of Recommendations Assessment, Development and
Evaluation (GRADE) approach (Multimedia Appendix 4) [18].
GMP rated the quality of evidence for each outcome
(Multimedia Appendix 5). This rating was verified by all other
authors, and disagreements were resolved by discussion.

Using a standardized data extraction form, GMP extracted the
following data from all included studies: study characteristics
(eg, country and setting), population characteristics (eg, health
condition, age, and gender), intervention details (eg, ICT
components used and frequency of use), and outcomes
(hospitalizations, length of hospital stay, and hospital days;
Multimedia Appendix 3). Data extraction was verified by LK
on a sample basis.

We conducted subgroup analyses for health conditions that were
studied in at least two articles, as well as for each type of
telehealth, length of follow-up, and risk of bias. These analyses
were planned a priori. The risk of bias was analyzed using the
robvis package in R [19]. To assess publication bias, we visually
inspected funnel plots (using the meta package in R).

Assessment of Risk of Bias

Study Selection

We used the Cochrane Risk of Bias 2 (RoB 2) tool to assess the
risk of bias for each study [13]. A number of rules were derived
from the manual to ensure consistent judgments between
reviewers (Multimedia Appendix 1). GMP assessed the risk of
bias of all studies. Risk of bias assessment was performed
independently and in duplicate for all studies by LK, AL, or
CJMD. Disagreements were resolved through discussion or
arbitration by a third reviewer, if necessary. The authors of the
studies were not contacted for additional information in case of
missing data or methodological unclarities.

The search identified 2544 records. After removing duplicates,
1410 records remained for the screening of titles and abstracts,
through which 1114 (79.0%) records were excluded. We
assessed 296 full-text articles for eligibility and excluded 120
articles. Of the remaining 176 articles, 127 (72.2%) provided
sufficient data for inclusion in the meta-analysis (Multimedia
Appendix 6). Figure 1 provides an overview of the study
selection process.

We defined condition-related hospitalizations as hospitalizations
due to the targeted health conditions. Studies that explicitly
reported only condition-related outcomes are not aggregated
with all-cause outcomes, as outcomes resulting from causes
other than the condition of interest are unknown in that case,
which could bias the results.
For the mean length of hospital stay, the total number of hospital
days was divided by the total number of hospital stays. This is
in contrast to the number of hospital days, where the total
number of hospital days was divided by the total number of
patients.

https://www.jmir.org/2021/9/e25195

XSL• FO
RenderX

Results

J Med Internet Res 2021 | vol. 23 | iss. 9 | e25195 | p.13
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Peters et al

Figure 1. Study selection flowchart and study characteristics. RCT: randomized controlled trial.

Study Characteristics
An overview of telehealth types, health conditions, and
outcomes is provided in Figure 1 (details are provided in
Multimedia Appendix 3). Most studies were conducted in
Europe (n=55) and North America (n=41).

Risk of Bias
We judged 50 articles to be at low overall risk of bias, 55 to
have some concerns, and 22 to be at high risk of bias. Most
articles were assessed at low risk of bias for all five domains
(64/127, 50.4% to 98/127, 77.2%), except for selection of the
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reported result (63/127, 49.6%; Figure 2). High risk was found
for bias arising from the randomization process in only 3 articles,
bias due to deviations from intended interventions in one, due
to missing outcome data in 11, bias in measurement of the
outcome in one, and in selection of the reported result in 1 out
of 127 articles. Weighted risk of bias summaries are provided
for each analysis in Multimedia Appendix 5. In the analyses of
condition-related hospitalizations and the length of hospital stay
due to any cause, studies at high risk of bias in at least one
domain cumulatively accounted for approximately 20% of the
weight. In all other analyses, this figure was below 10%.
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Figure 2. Unweighted risk of bias summary.

Outcomes
The summary of findings table (Table 1) provides a
comprehensive overview of the main results for all outcomes.
For each analysis, most RCTs used device-based monitoring or
STS and included mainly patients with heart failure or chronic
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obstructive pulmonary disease (COPD; details Multimedia
Appendix 3). Complete analyses are available in Multimedia
Appendix 5.
The outcomes are reported as rates in 14 articles. Although these
could not be incorporated in the meta-analyses, an overview of
these results is provided in Multimedia Appendix 7.
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Table 1. Summary of findings table for the effect of telehealth interventions on various outcome measures compared with usual care.
Outcome

Studies

Partici(RCTsa), pants, n
n

Patients with an all-cause
76
hospitalization (patients hospitalized per 1000 patients)

34,423

Patients with a condition-relat- 50
ed hospitalization (hospitalizations per 1000 patients)

20,867

Followup
(months)

Usual
care estimate

Intervention effect
estimate

Effect estiGRADEb
mate (95% CI) Strength of

1-60

373

355

Risk difference: −18
(−30 to −0)

High

Risk difference: −37
(−60 to −20)

High

1-60

237

200

Plain language summary

evidencec
The number of patients
hospitalized for any cause
is reduced by 4.8%d
The number of patients
hospitalized for the condition targeted is reduced by
15.6%d

Mean all-cause hospitaliza31
tions per patient (hospitalizations per 1000 patients)

11,191

Mean condition-related hospi- 22
talizations per patient (hospitalizations per 1000 patients)

3461

All-cause hospital dayse (hos- 19
pital days per patient)

9735

Condition-related hospital

8

1216

3-12

1-60

0-60

3-60

880

470

6.06

2.84

830

360

4.99

1.71

dayse (hospital days per patient)
Length of all-cause hospital

12

1964

0-60

8.37

7.89

g

stay (days per hospitalization)
Condition-related hospital

15

2047

0-24

2.92

2.03

length of stayg (days per hospital stay)

a

Mean difference: −50
(−140 to +30)

High

All-cause hospitalizations

Mean difference: −110
(−200 to −10)

High

Mean difference: −1.07
(−1.76 to
−0.39)

High

Mean difference: −1.13
(−1.64 to
−0.61)

Moderatef

Mean difference: −0.48
(−1.50 to
0.53)

Lowh

Hospitalizations for any

Mean difference: −0.89
(−1.42 to
−0.36)

High

Hospitalizations for the
condition targeted are

are reduced by 5.7%d
Condition-related hospitalizations are reduced by
23.4%d
The mean number of days
spent in the hospital for
any cause per patient is reduced by 17.7%d
The mean number of days
spent in the hospital for the
condition targeted is reduced by 39.8%d
cause are 5.7%d shorter
with telehealth

30.5%d shorter with telehealth

RCT: randomized controlled trial.

b

GRADE: Grading of Recommendations Assessment, Development and Evaluation.

c

High: we are very confident that the true effect lies close to that of the estimate of the effect; moderate: we are moderately confident in the effect
estimate: the true effect is likely to be close to the estimate of the effect, but there is a possibility that it is substantially different; low: our confidence
in the effect estimate is limited: the true effect may be substantially different from the estimate of the effect.
d

Percentages were calculated by dividing the effect estimate by the usual care estimate.

e

Participants are the unit of analysis.

f

Downgraded by one level for risk of publication bias.

g

Hospitalizations are the unit of analysis.

h

Downgraded by one level for risk of bias and another for imprecision.

Risk of All-Cause Hospitalization
The risk of all-cause hospitalization was reported by 76 RCTs,
including 34,423 participants. The analysis provides high-quality
evidence for a risk difference of −18 (95% CI −30 to 0)
hospitalized patients per 1000 patients (−4.8% of usual care).

Risk of Condition-Related Hospitalization
We found 50 RCTs reporting the risk of condition-related
hospitalization, including 20,867 participants. The absolute risk
was reduced by 37 per 1000 patients (95% CI 20-60), with
high-quality evidence (−5.7% of usual care). When stratified
by health condition, only the heart failure group showed a
https://www.jmir.org/2021/9/e25195
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statistically significant effect (risk difference = −0.03), although
the subgroup difference was not significant (P=.40).

Mean All-Cause Hospitalizations
We found 31 RCTs reporting the mean number of all-cause
hospitalizations per patient, including 11,191 participants.
Follow-up varied between 3 and 12 months. The analysis
showed high-quality evidence for an MD of −50 (95% CI −140
to +30) hospitalizations per 1000 patients, a 5.7% reduction
with regards to the number of hospitalizations in the usual care
group. Only the COPD subgroup showed a statistically
significant MD between telehealth and usual care of −200 (95%
CI −390 to −10) hospitalizations per 1000 patients. No effects
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(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Peters et al

were found for heart failure and other diseases. In addition, an
RCT studying malignancies reported an MD of +0.09
hospitalizations per patient compared with usual care but did
not report a SD and was therefore excluded from the
meta-analysis.

differences were found between different lengths of follow-up
(P<.01) and different levels of risk of bias (P≤.01), but no clear
trends were found. Three studies reported the length of hospital
stay as medians and IQRs, and they could therefore not be
included in the meta-analysis.

Mean Condition-Related Hospitalizations

Length of Condition-Related Hospital Stay for
Hospitalized Patients

The mean number of condition-related hospitalizations per
patient was reported in 22 RCTs, including 3461 participants.
Follow-up varied between 1 and 60 months. The analysis
showed high-quality evidence for an MD of −110 (−200 to −10;
−23.4% of usual care) hospitalizations per 1000 patients with
telehealth compared with usual care. Differences between
outcomes appeared to depend on the length of follow-up
(P<.01). The difference increased gradually with a longer
follow-up from an MD of −90 between 3 and 6 months up to a
reduction of 1190 hospitalizations per 1000 patients for
outcomes reported after more than 12 months. When stratified
by health condition, only heart failure showed a statistically
significant effect (MD −120; −200 to −40 hospitalizations per
1000 patients).

Fifteen RCTs reported length of condition-related hospital stay,
including 2047 hospitalized patients. The analysis showed
high-quality evidence for an MD of −0.89 hospital days per stay
(95% CI −1.42 to −0.36 days).
Subgroup differences were found in reporting outcomes at
different lengths of follow-up (P<.01). An MD of −3.95 hospital
days per stay (95% CI −6.06 to −1.84 days) was found for
reporting between 7 and 12 months, whereas other MDs ranged
from −1.00 to −0.42 days. An additional 3 RCTs reported the
length of hospital stay as medians and IQRs and 4 did not report
SDs nor any information that could be used to calculate them.
These 7 RCTs, including 922 participants, were therefore
excluded from the meta-analysis.

All-Cause Hospital Days
The mean number of days patients were hospitalized for any
cause was reported in 19 RCTs including 9735 participants.
Overall, the analysis showed high quality evidence for an MD
of −1.07 (95% CI −1.76 to −0.39) hospital days per patient. In
addition, 9 RCTs reported the total number of days for which
patients were hospitalized, and 2 reported the rate of hospital
days. Furthermore, 1 RCT reported an MD of +0.60 hospital
days with telehealth compared with usual care but did not report
an SD nor the necessary information to calculate one. These 12
RCTs, which included 3144 participants, could not be
incorporated in the meta-analysis.

Condition-Related Hospital Days
The mean number of days patients were hospitalized for the
condition of interest was reported by 8 RCTs, including a total
of 1216 participants. The analysis showed moderate quality
evidence of an MD of −1.13 (95% CI −1.64 to −0.61) hospital
days per patient. The quality of evidence was downgraded
because of risk of publication bias. A statistically significant
difference was found for the length of follow-up (P<.01), with
longer follow-up resulting in larger reductions in hospital days.
It is notable that when stratified by health condition, a
statistically significant result was only achieved in heart failure
(MD −1.06 hospital days, 95% CI −1.71 to −0.40). For COPD,
an MD of −1.75 (95% CI −4.62 to 1.11) was found. In addition,
7 studies reported the total number of days patients were
hospitalized, and one reported the rate of hospital days. These
studies, including 2492 participants, could not be included in
the meta-analysis.

Length of All-Cause Hospital Stay for Hospitalized
Patients
A total of 12 RCTs reported length of all-cause hospital stay,
including 1964 hospitalized patients. Low-quality evidence was
found for an MD of −0.48 (95% CI −1.44 to +0.47 days) hospital
days per stay. The quality of evidence was downgraded by one
level for risk of bias and by another for imprecision. Subgroup
https://www.jmir.org/2021/9/e25195
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Discussion
Principal Findings
Our review indicates that the risk of all-cause hospitalization
decreased significantly by 18 hospitalizations per 1000 patients
(−4.8%) and 37 (−15.6%) for condition-related hospitalizations.
We found high-quality evidence that, compared with usual care,
telehealth leads to reductions in mean all-cause (MD −0.05,
95% CI −0.14 to 0.03 hospitalizations per patient; −5.7% of
usual care) and condition-related hospitalizations (MD −0.11,
95% −0.20 to −0.01; −23.4%), that is, 50 to 110 fewer mean
hospitalizations, respectively, per 1000 patients. Overall, it is
evident that all-cause hospital days decreased significantly with
a mean of −1.07 (−17.7%) hospital days per patient and
condition-related hospital days with −1.13 (−39.8%) days,
although evidence for the latter was only moderate. For
hospitalized patients, the mean stay for any cause could
potentially be reduced (MD −0.48 days, 95% CI −1.50 to 0.53;
5.7%, low-quality evidence), and mean stay for condition-related
hospitalizations even more (MD −0.89 days, 95% CI −1.42 to
−0.36; 30.5%, high-quality evidence). The effects were similar
for various health conditions and types of telehealth. A trend
was observed for studies with longer follow-up periods, yielding
larger effects. It should, however, be noted that, although this
is a systematic review including a large number of studies,
uncertainties around the magnitude of effects remain, and not
all differences were statistically significant.
The quality of evidence was high for most of the analyses.
Downgrading was only necessary for two analyses because of
the risk of bias, risk of publication bias, and imprecision because
of a small cumulative sample size. Overall, there were
approximately as many articles with some concerns as there
were articles at low risk of bias. The main culprits were
insufficient reporting of the randomization method, lack of
available trial registrations or study protocols, and incomplete
outcome data (mostly due to deaths). None of these aspects
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(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
necessarily indicate issues with the study itself, but rather with
the reporting of a study. It is desirable that more information is
made available, such as by providing web-based supplementary
material.

Comparison With Prior Work
In our review, the most commonly used telehealth types were
device-based monitoring and STS. In general, only small
differences in effects were found between telehealth types,
which did not appear to be relevant. This finding is in line with
a Cochrane review including RCTs investigating the effect of
either STS or device-based monitoring in the management of
heart failure, which also found no difference [20]. It should be
explored whether design aspects, such as monitoring frequency
or duration, or patient engagement, could explain the differences
in effect. Furthermore, patient compliance is often important
for the success of telehealth interventions. For example, the
patients must consistently take and send measurements, be
available for telephone contacts or video consultations, or report
symptoms. If these actions are not taken by the patient,
telehealth interventions cannot function. Therefore, it is
important to consider patient preferences during the design
process [21,22].
Studies including patients with heart failure or COPD accounted
for the majority of the weight in the meta-analyses of this
review, although the effects found for other health conditions
seemed similar. No other review has combined the results for
multiple health conditions. However, reviews of heart failure
and COPD specifically are available for comparison. A
systematic review including reviews on telehealth for chronic
heart failure patients published between 1996 and 2014 found
low-quality evidence for absolute risk reductions in patients
with an all-cause hospitalization of 4.7% to 13.8% and of 3.7%
to 8.2% for patients with a condition-related hospitalization [6].
Our estimate for patients with all-cause hospitalization was
considerably lower (2%) and more precise. This is caused by
the larger number of studies (75 in our study vs 8 in the other
meta-analysis) and thus participants in our analysis (N=30,937
vs N=2343). Our estimate for patients with condition-related
hospitalization was similar (3.8%). A recent review on telehealth
for heart failure patients also found a trend toward reduced
hospitalizations [23]. Another recent review, on coronary heart
disease patients, found a relative risk of 0.56 (95% CI
0.39-0.81), although absolute differences were also small [24].
A systematic overview of reviews including COPD patients
found 3 reviews investigating the effect of telehealth on
hospitalizations, all of which found a reduction in
hospitalizations [7]. Another systematic review reported reduced
hospitalizations in 8 out of 11 studies, ranging from −10% to
−63%. The findings were similar for all-cause hospitalization
and condition-related hospitalizations [25]. Our review confirms
the reduction in hospitalizations also found in previous reviews
and provides a more realistic estimate of the effect through
meta-analyses, which was rarely performed in previous reviews.
In a systematic overview of the use of telehealth for various
chronic health conditions, reviews on health conditions other
than heart failure or COPD also found only a few articles, except
for diabetes [8]. This result is consistent with the findings of
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our review. As COPD and heart failure only make up a small
part of the care provided by hospitals [26], more research is
necessary on the effect of telehealth on hospital services use in
health conditions other than COPD and heart failure, which are
also highly prevalent.
The length of follow-up seems to be an important factor
influencing the effect of telehealth in our review. We found
subgroup differences in length of hospital stay (both all-cause
and condition-related), condition-related hospitalizations, and
condition-related hospital days, with larger effect sizes for
studies with longer follow-up. A similar trend was observed for
all-cause hospital days. One review reported a reduction in
mortality at 6 months, with no differences at 1 year [21]. No
other reviews assessed differences in effects between the lengths
of follow-up.
When telehealth replaces face-to-face contact, it is clear that
this can aid in reducing outpatient contacts and supporting social
distancing in outpatient departments. In view of the small effects
on hospitalizations and moderate effects on hospital inpatient
days, it is important to determine whether telehealth actually
contributes to cost reduction. Telehealth comes at a cost, for
example, because health professionals make phone calls, conduct
video consultations, or interpret data. To reduce the costs of
interventions, automation of some of these aspects, for example,
by developing algorithms to recognize deterioration of patients'
health status, should be studied. Although we investigated
whether the mechanism by which telehealth is often claimed to
reduce costs is indeed present, we did not directly investigate
whether costs were reduced. Thorough budget impact and
cost-effectiveness studies are needed to reach firm conclusions
in this domain.

Limitations
This review has several strengths and limitations. First, the wide
scope enabled us to find a large number of articles meeting our
inclusion criteria. Furthermore, we quantitatively compared the
effects achieved in different health conditions using different
types of telehealth and length of follow-up. Another important
strength is that we assessed all included articles for risk of bias
and graded the strength of evidence for each analysis, providing
a comprehensive overview of the evidence on the effect of
telehealth on hospital service use.
The wide scope also acts as a double-edged sword in that it
makes the participants in the various studies less comparable
than in a typical review. This concern is alleviated by the fact
that we did not find significant differences between health
conditions or types of telehealth, although for some comparisons
only a few studies were available. Telehealth interventions often
entail many more changes to the health care process, besides
the application of technology [27]. The effect of the telehealth
type thus becomes entangled with the effects of changes to
processes and infrastructure, which requires a more detailed
analysis to unravel. Study selection was performed partially in
duplicate, which may have caused some articles to have been
missed. As we only included peer reviewed articles published
in English, it is unknown what evidence exists in other
languages. This review is further limited by our scope, which
focuses on types of telehealth requiring interaction between
J Med Internet Res 2021 | vol. 23 | iss. 9 | e25195 | p.18
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patients and health professionals. Passive forms of digital health
care, such as self-management applications or health information
provision, were not included. These types of services could
reduce hospital service use [28], while potentially being more
efficient in terms of resource use because of their passive nature.
Furthermore, we did not contact the study authors for details in
the case of missing data or methodological unclarities.

Conclusions
Thus, the effects of telehealth are small to moderate and appear
to be stronger for condition-related outcomes than for all-cause
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outcomes. Further research is needed to obtain more insight
into the effects of telehealth on other diseases, apart from COPD
and heart failure, and into which aspects of telehealth
interventions result in positive effects.
Finally, in the context of the COVID-19 crisis, it is important
to acknowledge that a great deal of health care can be provided
from a distance, eliminating the need for vulnerable individuals
to come to a potentially hazardous environment to receive health
care and enabling hospitals to continue providing care to all
who need it.
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Abstract
Background: Consumer health informatics (CHI) originated in the 1990s. With the rapid development of computer and
information technology for health decision making, an increasing number of consumers have obtained health-related information
through the internet, and CHI has also attracted the attention of an increasing number of scholars.
Objective: The aim of this study was to analyze the research themes and evolution characteristics of different study periods
and to discuss the dynamic evolution path and research theme rules in a time-series framework from the perspective of a strategy
map and a data flow in CHI.
Methods: The Web of Science core collection database of the Institute for Scientific Information was used as the data source
to retrieve relevant articles in the field of CHI. SciMAT was used to preprocess the literature data and construct the overlapping
map, evolution map, strategic diagram, and cluster network characterized by keywords. Besides, a bibliometric analysis of the
general characteristics, the evolutionary characteristics of the theme, and the evolutionary path of the theme was conducted.
Results: A total of 986 articles were obtained after the retrieval, and 931 articles met the document-type requirement. In the
past 21 years, the number of articles increased every year, with a remarkable growth after 2015. The research content in 4 different
study periods formed the following 38 themes: patient education, medicine, needs, and bibliographic database in the 1999-2003
study period; world wide web, patient education, eHealth, patients, medication, terminology, behavior, technology, and disease
in the 2004-2008 study period; websites, information seeking, physicians, attitudes, technology, risk, food labeling, patient,
strategies, patient education, and eHealth in the 2009-2014 study period; and electronic medical records, health information
seeking, attitudes, health communication, breast cancer, health literacy, technology, natural language processing, user-centered
design, pharmacy, academic libraries, costs, internet utilization, and online health information in the 2015-2019 study period.
Besides, these themes formed 10 evolution paths in 3 research directions: patient education and intervention, consumer demand
attitude and behavior, and internet information technology application.
Conclusions: Averaging 93 publications every year since 2015, CHI research is in a rapid growth period. The research themes
mainly focus on patient education, health information needs, health information search behavior, health behavior intervention,
health literacy, health information technology, eHealth, and other aspects. Patient education and intervention research, consumer
demand, attitude, and behavior research comprise the main theme evolution path, whose evolution process has been relatively
stable. This evolution path will continue to become the research hotspot in this field. Research on the internet and information
technology application is a secondary theme evolution path with development potential.
https://www.jmir.org/2021/9/e21974
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Introduction
The concept prototype of consumer health informatics (CHI)
was first proposed by Kenneth R. Thornton of the School of
Health Information Science (University of Victoria) in 1994.
Kenneth R. Thornton also elaborated 4 important research
directions: network evolution, automation of the patient record,
outcome and other quality-related databases, and consumer
health education [1]. In 1995, Ferguson [2] of the Harvard
University School of Medicine put forward the concept of
consumer health informatics (CHI) for the first time in his paper.
He pointed out that CHI is a branch of science that studies the
application of computer and wireless communication technology
in consumer health care [2]. Eysenbach [3] proposed that CHI
is the branch of medical information that does the following:
analyses the consumers’ needs for information; studies and
implements methods of making information accessible to
consumers; and models and integrates the consumers’
preferences into medical information systems. This definition
has been cited by the academic community more than 300 times.
The American Medical Informatics Association defines CHI as
the field devoted to informatics from multiple consumer or
patient views and which includes patient-focused informatics,
health literacy, and consumer education [4]. CHI is an
interdisciplinary subject that includes nursing information,
public health, health promotion, health education, library
science, and communication science [4].
With the rapid development of computer and information
technology, the continuous popularization of the internet, and
the continuous strengthening of people’s health awareness,
consumption awareness, and information literacy for making
health decisions, increasingly more people obtain health-related
information through the internet. Because of the interdisciplinary
nature of CHI, there is no consensus on the definition of CHI.
However, the core content of various definitions can be
summarized as follows: CHI emphasizes consumers or users
as the center and takes consumers or users and computer and
information technology as the research object to explore how
to use computer and information technology to meet consumers’
health or medical information needs. It is a discipline that helps
consumers access relevant health or medical information and
make decisions about health care and health promotion.
Previous studies have analyzed and summarized the research
progress of CHI. For example, Eysenbach [3] collected
literature, internet information, and reports related to CHI before
2000 and summarized the research progress of CHI in the
context of health care in the information age, medical knowledge
delivery to consumers, the accessibility of electronic health
records to patients, decision aids to support the consumers’
choices, the quality control of health information on the internet,
and other aspects. Kokol et al [5] carried out a bibliometric
analysis on the literature related to health informatics and
electronic health for the period 1984-2015 and discussed the
https://www.jmir.org/2021/9/e21974
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current research status in this field, including trends in literary
production, the geographic and journal distribution, and
theoretical analyses. However, their research only clusters all
research topics and does not reflect the dynamic changes in
research themes at different times. Zhao and Zhang [6] reviewed
the literature about consumer health information seeking in
social media before 2016 and discussed the characteristics of
existing research from the following perspectives: the prevalence
of health information seeking in social media, discussion topics
emerging from health information in social media, seeking
health information from online peers, social and emotional
support from social media, concerns of accessing consumer
health information in social media, and other aspects. However,
they did not discuss the dynamic evolution path and the
evolution rules of the research themes of CHI. Further, many
of these studies are qualitative research. There is also
considerable subjectivity in the selection of literature,
identification of important topics, and prediction of research
frontiers. The combination of qualitative and quantitative
analysis methods can increase the objectivity, accuracy, and
comprehensiveness of the research results [7]. Bibliometrics is
a measurable informatic method [8], and is often used to
discover top journals and authors in a field, identify research
progress [9], and predict research trends [10].
Many bibliometrics visualization tools are available, such as
SciMAT, CiteSpace, UCINET, HistCite, VOSviewer. The full
name of SciMAT is the Science Mapping Analysis tool. In 2012,
it was developed by Cobo, López-Herrera, Herrera-Viedma,
and Herrera at the Department of Computer and Artificial
Intelligence in Granada University, Spain. It can be used for
data preprocessing, data network analysis documentation, and
result visualization. It can also be used to produce 4 kinds of
maps: an overlapping map, an evolution map, a strategic
diagram, and a cluster network [11]. Compared with other
bibliometric visualization tools, SciMAT is unique in expressing
the evolution of the theme and performs excellently in
longitudinal timing analysis [7].
Overall, there have been few achievements in the field of CHI
research based on bibliometrics, and the dynamic evolution of
the research theme of CHI has not been explored. Therefore,
this article conducted a bibliometric analysis to present the
evolutionary overview of CHI by using SciMAT. The main
research questions of this paper are as follows:
•
•
•
•

What was the development trend of CHI research in
1999-2019?
What is the main research direction of CHI research?
How does the theme of CHI research evolve?
What are the research trends of CHI?

J Med Internet Res 2021 | vol. 23 | iss. 9 | e21974 | p.23
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Methods
Overview
In bibliometrics, to obtain the research topic of a certain research
field in a specific period, it is common to carry out keyword
co-occurrence analysis and cluster analysis on the literature
collected and to obtain the development path and state of the
research topic through a comparative analysis of the split and
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fusion of research themes in different periods. This paper uses
SciMAT tool to draw the research themes’ knowledge map,
analyzes the research themes and evolution status of CHI in
different study periods using a strategic diagram and data flow,
and discusses the dynamic evolution path and evolution law of
the research themes of CHI.
The analysis framework of this paper is shown in Figure 1,
which is mainly divided into 4 parts: data acquisition, data
preprocessing, software operation, and results analysis.

Figure 1. Analysis framework of consumer health informatics evolutionary.

Data Sources and Retrieve Strategies
The Web of Science core collection database of the Institute for
Scientific Information is an important database for obtaining
global academic information [7]. It consists of the Science
Citation Index Expanded, Social Sciences Citation Index, Arts
& Humanities Citation Index, and so on. Users can access core
academic literature from the fields of natural sciences, social
sciences, biomedicine, engineering, arts, and humanities from
the database. Therefore, we selected Web of Science as the data
source. In this database, subject retrieval was used, and the
https://www.jmir.org/2021/9/e21974
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search terms were “consumer health informatics”, “consumer
health information”, “consumer medic * informatics”,
“consumer medic * information”. The publication years were
limited to 2019 and before. All languages were selected.
Selecting all languages provides a more comprehensive coverage
of the literature on this topic. Non-English articles generally
have English titles, abstracts, and keywords, from which one
can understand their main research content. For these articles,
we also used translation software to read the full text and
obtained the main research content. The literature types were
limited to articles, proceeding papers, and reviews. All papers
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were retrieved on May 2, 2020. A total of 986 documents were
obtained, of which 931 met the document-type requirement.
The downloaded data were saved in a text format that SciMAT
could read directly.

Data Preprocessing
To accurately obtain the research themes in this field, it was
necessary to perform data cleaning. SciMAT was used to clean
keyword information. First, SciMAT’s cleaning function “find
similar words by Plurals (automatic)” automatically merges the
singular and plural expressions of keywords, such as “attitude“
and “attitudes” into “attitudes”. Then, similar words with
different forms and abbreviations were merged by hand. For
example, “consumer health information technology,” “consumer
health IT,” “consumer health information technologies,” and
“consumer health information technology (CHIT)” were merged
into “ consumer health information technology.” synonyms,
such as “physician patient relations,” “physician–patient
relationship,” “patient–physician relationship,” “doctor–patient
relationship,” “doctor–patient relations,” and “doctor–patient
relationships” were merged into “doctor–patient relationship.”
Some words, such as “consumer health information,” “consumer
health informatics,” “association,” and “campaign,” which had
high frequency and broad meaning and that might cover the
association between other micro words, were deleted.

Parameter Settings
Words (the author’s words and the source’s words) were selected
as the units of analysis. The data reduction thresholds of the 4
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study periods are 1, 1, 1, and 2, and the type of analysis matrix
is co-occurrence. The network reduction thresholds are 1, 1, 1,
and 1, and the network normalization method is the equivalence
index. The clustering algorithm used was the simple centers
algorithm. The maximum network value was 15 and the
minimum network value was 3, and the scale of the cluster
network was limited to a reasonable range. The H-index and
sum citations were selected as the measurement indexes of
clustering quality. Jaccard’s index and the Salton index were
selected as similarity measurement methods for the evolution
map and the overlapping map, respectively.

Results
Overall Characteristics Analysis
Trends in the Number of Articles
The number and trend of the articles published each year in a
certain field can reflect the scholars’ attention to this field. As
shown in Figure 2, the amount of literature can be divided into
3 stages: slow growth, stable growth, and rapid growth. The
1999-2003 period was the first stage, with an average of 12.2
papers published each year. The period from 2004 to 2014 was
the second stage, with an average of 36.6 papers published each
year. The period from 2015 to 2019 was the third stage. After
2015, the number of articles increased substantially, with an
average of 93.4 papers published each year. The volume of
published articles peaked in 2019 at 112, with an annual total
accounting for 12.0% (112/931) of all literature.

Figure 2. Consumer health informatic research documents published from 1999 to 2019.

Based on the trend of literature growth, this paper divides the
research on CHI into 4 study periods: 1999-2003, the first study
period; 2004-2008, the second study period; 2009-2014, the
third study period; and 2015-2019, the fourth study period. The
number of articles in the 4 study periods is 61, 124, 279, and
467.
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Overlapping Map Analysis
An overlapping map uses the number of keywords to represent
the number of themes at each period and shows the stability of
a research theme in a certain field in the form of a data flow.
Figure 3 is an overlapping map of CHI research for the period
from 1999 to 2019 and clearly shows the emerging and declining
themes in this field. The 4 circles in the figure represent the 4
J Med Internet Res 2021 | vol. 23 | iss. 9 | e21974 | p.25
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study periods. Displayed from left to right, they are as follows:
the 1999-2003 study period, the 2004-2008 study period, the
2009-2014 study period, and the 2015-2019 study period. The
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number of themes in the first, second, third, and fourth study
periods is 52, 95, 163, and 184, respectively. As can be seen,
the number of themes increases rapidly.

Figure 3. Overlapping map of the consumer health informatics research from 1999 to 2019.

From 1999 to 2003, a total of 32 themes were passed to the next
study period, and the stability index with the next study period
was 14.57. In this study period, the research on CHI remains in
a slow-growth stage, which is part of the basic research stage.
The number of new themes in the 2004-2008 study period was
63. In the 2009-2014 period, 85 themes were continued from
the previous study period, and the stability index between the
2 study periods was 58.06. Reflecting the steady growth of CHI
research and the steady increase of research articles in these 2
study periods, many emerging themes and a small number of
declining themes were included. There were 40 new themes in
the 2015-2019 study period, and the stability index between
this and the previous study period was 119.74. At this point,
the number of themes is increasing steadily, which reflects that
the research area of CHI is gradually expanding, and the research
content is becoming increasingly richer.

Analysis of Highly Cited Articles
Six of the top 10 highly cited articles in this field came from
the 1999-2003 study period (Table 1), and the cited frequency
of the articles is ranked as the first, second, third, fifth, sixth,
and tenth. This reflects that the papers published in this period
form the basis of the research on CHI and play a fundamental
role in the research in this field. The most frequently cited paper
(940 times) is an empirical study of the quality evaluation of
online consumer health information. The evaluation of
health-related websites is quite different due to the differences
in research methods, preciseness, quality standards, research
population, and subjects. Therefore, the operability of quality
standards needs to be defined [12]. The second most frequently
cited (804 times) paper is the one by Cline in 2001 [13]. This
paper summarizes, from the perspective of communication, the
potential benefits and comprehensive quality of online consumer
health information searching and identifies and discusses the
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criteria of online health information evaluation. In 1999,
Charnock et al [14] developed a tool named DISCERN, which
can be used by health information providers and consumers to
judge the quality of written consumer health information about
treatment options. This paper was cited 521 times. At present,
DISCERN has become a highly useful tool for the quality
evaluation of network health information. Many scholars use
this tool to evaluate the quality of online health information
about different diseases and published in different languages.
For example, Cerminara et al [15] used the DISCERN tool to
evaluate the reliability, accuracy, and relevance of the top 50
links for childhood epilepsy (online information) displayed by
the Google search engine. Alnaim [16] used the DISCERN tool
to assess the quality of information published on websites that
share breast cancer information online in Arabic.
Four of the top 10 highly cited articles in the field of CHI
research came from the 2004-2008 and 2009-2014 study period
(Table 1). The paper “eHealth literacy: Essential Skills for
Consumer Health in a Networked World” was published in the
Journal of Medical Internet Research in 2006. In this article,
the concept of eHealth literacy was defined for the first time.
The ability to find, discover, understand, and evaluate health
information from electronic resources, and the ability to apply
the acquired knowledge to solve health problems were also
explained in this paper [17]. Ranking fourth in the number of
citations, the paper was cited 514 times. eHealth literacy has
become a mature research topic, and increasingly more scholars
are paying attention to it. For example, Kim et al [18] examined
the association among eHealth literacy, perceived benefits,
self-efficacy, and health-promoting behaviors in patients with
type 2 diabetes. Cherid et al [19] investigated the level of mobile
technology acceptance, health literacy, and electronic health
literacy of 401 patients aged over 50 years with recent fractures.
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Table 1. Top 10 cited articles in the consumer health informatics research field.
Reference

Journal

Year

Citations

Eysenbach et al [12]

Journal of the American Medical Association

2002

940

Cline and Haynes [13]

Health Education Research

2001

804

Charnock et al [14]

Journal of Epidemiology and Community Health

1999

521

Norman and Skinner [17]

Journal of Medical Internet Research

2006

514

Eysenbach [3]

British Medical Journal

2000

336

Gustafson et al [20]

American Journal of Preventive Medicine

1999

320

Or and Karsh [21]

Journal of the American Medical Informatics Association

2009

247

van den Berg et al [22]

Journal of Medical Internet Research

2007

236

Dutta-Bergman [23]

Health Communication

2004

229

Hibbard and Peters [24]

Annual Review of Public Health

2003

227

Evolutionary Characteristics Analysis
Design and Overview
The strategic map is mainly used to describe the relationship
between themes and the relationship strength within the theme
to reflect the importance of the theme in the development of
the whole field and the development of the theme. The node in
Figure 4 is a cluster, and the sizes of the nodes indicate the sizes
of the theme clusters. The horizontal axis is the centrality, which
measures the relevance of the theme to other themes. With

higher centrality, the theme is more important in the whole field.
The vertical axis is the density, which measures the relational
strength of the cluster keywords within a theme. The higher the
density of the theme, the more mature the theme. The strategic
map is divided into 4 quadrants. Quadrant 1 (Q1) contains motor
themes, quadrant 2 (Q2) contains highly developed and isolated
themes, quadrant 3 (Q3) contains emerging or declining themes,
and quadrant 4 (Q4) contains basic and transversal themes. The
strategic map of the 4 study periods, the relevant bibliometrics
indicators, and the evolutionary status of the research themes
are as follows.

Figure 4. Strategic diagram of themes for the subperiod of 1999-2003 (A: based on the publications, B: based on the citation frequency).

Themes (n=4) in 1999-2003: Patient Education,
Medicine, Needs, and Bibliographic Database
The theme of Q1 is medicine, which has the highest density
value and a higher centrality (Table 2 and Figure 4). The
keywords closely connected to medicine are search engine,
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interventions, and challenges (Figure 5). The websites and pages
displayed by search engines have become the main source from
which people obtain medical and health information [25]. Health
information/support systems for health promotion are also
emerging, such as the CHESS comprehensive health promotion
support system [20].
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Table 2. Performance measures for the themes of the subperiod 1999-2003.
Theme

Centrality

Density

Number of documents

H-index

Number of citations

Patient education

45.99

56.26

8

7

1176

Medicine

36.24

111.7

4

3

395

Needs

1.85

12.5

2

2

76

Bibliographic database

1.25

66.67

1

0

0

Figure 5. Cluster network of the themes (1999-2003).

The theme of Q2 is bibliographic database, which has centrality
and density values of 1.25 and 66.67, respectively. The theme
is closely related internally and has low relevance with other
themes. The amount of relevant literature is the least, as the
theme has not attracted the attention of the academic circle. The
keywords closely connected to bibliographic database are
search interface and women’s health. For the prototype network
interface of the women’s health bibliography database, Marton
et al [26] performed a comparative analysis from 3 aspects: web
interface design, overall visual effect, and hypertext navigation
and information organization.

https://www.jmir.org/2021/9/e21974

XSL• FO
RenderX

Patient education is located on the centrality axis and has the
highest centrality. Patient education has the largest amount of
research literature and has been cited the most times, indicating
that it is an area of high concern and has had a great impact on
later research. Patient education is interconnected with many
different keywords, such as world wide web and system, but
the connection is not strong. The result of the cluster network
shows that the internet and information systems are important
tools and approaches in patient education [13] and that
individualized customized education can be carried out for
patients through computers [27]
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Needs is located on the density axis and has centrality and
density values of 1.85 and 12.5, respectively. The cluster
network shows that needs is connected with population and
information seeking. The internal demand for health information
drives millions of consumers to search for health information
on the internet. If the search terms used by consumers do not
match the terms set at the information source, the search results
will not meet the needs of consumers. Therefore, consumer
health information retrieval needs a full range of terminology
support [28].

is an important part of providing health care services and helps
to improve the effect of medical care. Doupi and van der Lei
[29] discussed the possibility of integrating electronic medical
record data and online health information resources to provide
personalized patient education for patients. eHealth has the
highest density and a relatively high centrality; the cluster
network reveals that it is closely related to health
communication, tailored intervention, cell phone, and
teleconsultation, which is an important research topic in this
field. Tufano and Karras [30] used teleconsultation for an
obesity intervention that was expected to achieve mass
customization function, interactive function, and national
customized electronic health information. The location of
medication is far from the centrality axis and close to the density
axis. The cluster network shows that it has a strong relationship
with health literacy and pharmacist. In the research on drug
treatment in the field of CHI, scholars are concerned about the
health literacy of consumers and whether they can understand
the accompanying instructions of drugs [31]. Webb et al [32]
have proposed that the design of patient-centered consumer
medication information can improve the comprehensibility of
warning labels.

Themes (n=9) in 2004-2008: World Wide Web, Patient
Education, eHealth, Patients, Medication, Terminology,
Behavior, Technology, and Disease
The themes of Q1 have higher centrality and density (Table 3
and Figure 6) and are world wide web, patient education,
eHealth, and medication. World wide web has the largest amount
of research literature and has been cited 635 times. The cluster
network shows that the relationship between the world wide
web and internal keywords is weak. The keywords that are
strongly connected to patient education are internet health
information, record, and challenges (Figure 7). Patient education

Table 3. Performance measures for the themes of the subperiod of 2004-2008
Theme

Centrality

Density

Number of documents

H-index

Number of citations

World wide web

77.3

28.66

14

11

635

Patient education

64.37

26.23

10

8

786

eHealth

41.52

87.63

3

3

129

Patients

33.26

16.05

6

5

439

Medication

31.25

32.5

4

4

80

Terminology

3.85

16.67

2

2

45

Behavior

2.38

17.59

3

3

77

Technology

18.49

41.2

2

2

238

Disease

16.39

8.33

2

2

48

Figure 6. Strategic diagram of themes for the subperiod of 2004-2008 (A: based on the publications, B: based on the citation frequency).
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Figure 7. Cluster network of the themes (2004-2008).

The theme of Q2 is technology, with centrality and density
values of 18.49 and 41.2, respectively. The important nodes
that are connected internally are tools and adults. The literature
corresponding to cluster nodes reveals that scholars began using
internet technology to intervene in people’s health activities
[22].
The themes of Q3 are terminology, behavior, and disease, which
have centralities of 3.85, 2.38 and 16.39, respectively, and
density values of 16.67, 17.59, and 8.33, respectively.
Terminology is only associated with natural language
processing and users. The literature corresponding to
terminology reveals that the rapid development of consumer
health education websites and other applications has promoted
research on consumer health vocabulary and that term
recognition [33] is one of the important research directions.
Disease has weak internal relations. Behavior is associated with
libraries, HIV infection, and information seeking. By studying
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the literature corresponding to behavior, we found that
researchers had analyzed health information searching behavior
according to different populations. For example, Hesse et al
[34] analyzed the 2005 Administration of the Health Information
National Trends Survey data to explore the information
searching behavior of survivors of cancer and found that their
information searching behavior was very common and would
not decrease with time.
The theme of Q4 is patients, with centrality and density values
of 33.26 and 16.05, respectively. The internal correlation of the
patients theme cluster was not strong. An examination of the
literature corresponding to cluster nodes revealed that scholars
paid more attention to the research of the patients’ attitude,
cognition, and intention regarding health information [35].

Themes (n=11) in 2009-2014: Websites, Information
Seeking, Physicians, Attitudes, Technology, Risk, Food
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cluster network shows that attitudes is associated with a large
number of different keywords, but the relationship is not strong;
among these different keywords, the closely related nodes are
community pharmacies, information and communication
techniques, and electronic medical records. The cluster network
reveals that the nodes that are close to physicians are interviews,
patient centered care, patient–provider relationship, and
teleconsultation. The literature corresponding to attitudes and
physicians reveals that the consumers’ attitude toward, access
to, and use of online information related to diseases [37],
medicines, diet, and other health issues are the research hotspots
in this period. For example, Amicizia et al [38] believes that
information and communications technology provide an
opportunity for health care workers to use mobile internet to
disseminate vaccine-related knowledge interactively and
entertainingly and to monitor adolescent attitudes toward
vaccination through social media.

Labeling, Patient, Strategies, Patient Education, and
eHealth
The themes of Q1 are information seeking, physicians, and
attitudes, which have centralities of 69.64, 67.77, and 64.83,
respectively, and density values of 37.42, 19.27, and 28.02,
respectively (Table 4 and Figure 8). The cluster network
(Multimedia Appendix 1) shows that there are 15 nodes and 25
links in information seeking and that the keywords closely
related to information seeking are search interface, management
program, and community. The literature corresponding to
information seeking revealed that scholars analyzed, from the
perspective of consumers, the content of online questions,
explored the influencing factors of health information searching,
and designed a new connected exploratory navigation interface
to improve the effectiveness of health information searching
[36]. Attitudes had the highest citation frequency, indicating
that it had a great influence on the subsequent research. The

Table 4. Performance measures for the themes of the subperiod of 2009-2014.
Theme

Centrality

Density

Number of documents

H-index

Number of citations

Websites

77.12

8.45

20

9

252

Information seeking

69.64

37.42

10

7

129

Physicians

67.77

19.27

9

6

175

Attitudes

64.83

28.02

11

10

428

Technology

61.65

15.53

14

10

416

Risk

60.43

12.61

13

10

279

Food labeling

6.56

15.62

3

3

126

Patient

59.71

6.02

15

10

235

Strategies

5.5

11.11

2

2

22

Patient education

40.51

31.32

13

9

276

eHealth

30.79

37.44

5

3

42

Figure 8. Strategic diagram of themes for the subperiod of 2009-2014 (A: based on the publications, B: based on the citation frequency).
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The themes of Q2 are patient education, eHealth, and food
labeling, which have centralities of 40.51, 30.79, and 6.56,
respectively, and density values of 31.32, 37.44, and 15.62,
respectively. The cluster network shows that patient education
is closely related to smartphone, pamphlet, resources, and
Alzheimer’s disease. Scholars mainly conducted research from
3 aspects: patients’ health education needs [39], the effect of
health education materials, and health information technology.
For example, Kraschnewski et al [40] studied how pregnant
women use the internet and mobile phone technology to acquire
health care knowledge. They found that women thought that
the educational materials they received during prenatal care
were not helpful, and therefore, they turned to the internet and
smartphone apps to fill the knowledge gap [40]. There are 9
nodes and 12 connections in the eHealth theme. Compared with
the previous study period, in this study period, there are fewer
nodes and connections. The research content of the theme is
more concentrated. The keywords closely related to eHealth
are tailored intervention, and online health information. Scholars
are concerned about how to use information and communication
technology to help patients improve their health status and
strengthen their self-health management skills [41]. For example,
as a health literacy intervention for Hispanic patients with AIDS,
Jacobs et al [42] developed a Spanish-language computer
application, which can provide information about HIV infection,
treatment, and drugs. Food labeling is a new theme, for which
the cluster network shows the related keywords are consumer
opinions, recommendations, and ratings. King et al [43]
investigated the consumers’ understanding of common terms
used to guide food consumption frequency and quantity and
found that some terms are highly subjective and that more
simple and clear terms need to be developed.
The themes of Q3 are patients and strategies, which have lower
centralities and density values. The cluster network reveals that
the keywords strongly related to patients were health
information service, information behavior, and conflict of
interest. Strategies is an emerging theme. The cluster network
shows that the keywords associated with it are only
evidence-based practice and task and that the weight of the
connection is 0.17.
Having higher centralities and lower density values, the themes
of Q4 are websites, technology, and risk. The cluster network
shows that the keywords closely related to websites are world
wide web, evaluation studies, tools, email. By studying the
literature corresponding to websites, it is found that the research
on the content evaluation of websites and health information
intervention through websites are the research hotspots in this
period [44]. Thakor et al [45] investigated the information
quality of ecommerce websites selling Hypericum perforatum
and found that most sites received poor reviews and lacked
information on drug interactions, contraindications, and adverse
reactions. The keywords closely related to technology are
hometelehealth and aging. With the aggravation of the aging
of the population, the research on home telehealth for the aged
group has attracted much attention. Cimperman et al [46] studied
the important factors affecting the elderly’s adoption of home
telehealth services and found that the following factors play an
important role in the perception of home telehealth: perceived
https://www.jmir.org/2021/9/e21974

XSL• FO
RenderX

Ouyang et al
usefulness, expectation, social influence, perceived security,
computer anxiety, convenience, and the doctor’s opinion [46,47].
Risk is split from medication. The cluster network shows that
the relationship between internal keywords is weak and that the
relatively strong ones are costs, patient decision aid, and
cardiovascular disease. For veterans with and without multiple
sclerosis, Cameron et al [48] studied the relative risk of falling
and requiring medical care and found that the adjusted odds
ratio of falling was 3 times higher for female veterans with
multiple sclerosis than for female veterans without multiple
sclerosis.

Themes (n=14) in 2015-2019: Electronic Medical
Records, Health Information Seeking, Attitudes, Health
Communication, Breast Cancer, Health Literacy,
Technology, Natural Language Processing,
User-Centered Design, Pharmacy, Academic Libraries,
Costs, Internet Utilization, and Online Health
Information
The themes of Q1 are electronic medical records, health
information seeking, attitudes, and breast cancer, with
centralities of 53.52, 47.78, 45.18, and 48.08, respectively, and
density values of 19.71, 18.14, 8.89, and 7.11, respectively
(Table 5 and Figure 9). The cluster network (Multimedia
Appendix 2) shows that electronic medical records has a strong
relationship with internal keywords, which include personal
health information management and care partner. Scholars
mainly focus on the patients’ health information management,
including the sharing of access to the patients’ health records,
personal health data visualization, and other contents. For
example, Wolff et al [49] sent the doctor’s medical records to
patients and authorized nurses through OpenNotes. The scholars
verified the acceptability and effect of this approach, and the
results showed that it was acceptable for patients and their
nursing staff to view the doctors’ medical records; the results
also reflected that this method improved the communication
with patients and enhanced the patients’ confidence in
cooperating with nurses. Keywords closely related to
healthinformation seeking are users, behavior, health
information needs, and consumer health information behavior.
An examination of the literature corresponding to important
nodes revealed that the users of library, online health
consultation platform, social media, and other media were often
considered research objects and that a discussion of these users’
health information needs and behaviors was a research hotspot
in this period [50,51]. For example, taking the online health
consultation case on “Taiwan eDoctor,” an online health
consultation platform, as the research object, Chiu et al [52]
studied the length, time, communication mode, purpose, and
identity disclosure of online consultation questions and described
the communication mode of patients in the process of health
information searching. Attitudes was closely related to internal
keywords, such as HPV vaccines, risk, evaluation studies, and
physicians. Systematically studying the rankings, quality, and
contents of the web pages related to HPV vaccines, Fu et al [53]
classified the included web pages into critical and noncritical
ones and found that the quality of the critical web pages was
poor but that the critical web pages often obtained higher
rankings. Keywords closely related to breast cancer are online
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healthcommunities, support groups, and preferences. The
scholars mainly focused on the content analysis of the online
health community [54] and its supporting role for patients with
cancer. For example, through interviews and questionnaires,
Huh et al [55] developed online health community roles to
reflect the users’ needs and requirements when using an online

health community. These roles can help provide users with
customized social support and patient support. The study found
that the roles of online health communities can be divided into
4 categories: managers, opportunists, scientists, and adventurers.
These roles reveal user interaction behavior and attitude patterns
when using online health communities.

Table 5. Performance measures for the themes of the subperiod 2015-2019.
Theme

Centrality

Density

Number of documents

H-index

Number of citations

Electronic medical records

53.52

19.71

11

7

154

Health information seeking

47.78

18.14

24

5

174

Attitudes

45.18

8.89

15

7

119

Health communication

57.98

4.7

21

4

52

Breast cancer

48.08

7.11

26

7

162

Health literacy

50.29

3.55

40

8

211

Technology

54.79

3.46

18

7

168

Natural language processing

24.1

4.18

9

4

37

User-centered design

11.9

6.3

6

2

9

Pharmacy

16.52

28.49

6

2

8

Academic libraries

4.52

9.03

2

1

1

Costs

14.08

4.34

4

4

32

Internet utilization

12.67

4.72

5

3

43

Online health information

7.82

6.49

3

2

122

Figure 9. Strategic diagram of themes for the subperiod of 2015-2019 (A: based on the publications, B: based on the citation frequency).

The themes of Q2 are pharmacy, online health information, and
academic libraries, with centralities of 16.52, 4.52, and 7.82,
respectively, and density values of 28.49, 9.03, and 6.49,
respectively. A mature professional theme (pharmacy) has the
highest density and is close to the density axis. The keyword
most closely related to pharmacy is patient medication
information. Monkman and Kushniruk [56] studied consumer
medication information in pharmacies and found that the
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organization and presentation of online consumer medication
information need to be improved. The content of consumer
medication information needs to be improved in order to
promote the safety and effective use of drugs [57]. The keywords
in the online health information cluster network include video,
web 2.0, and world wide web. Scholars mainly pay close
attention to the use and quality evaluation of online health
information [58]. As an emerging theme, academic libraries
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has the lowest centrality, the lowest amount of relevant
literature, and the lowest citation frequency.
User-centered design, with centrality and density values of 11.9
and 6.3, respectively, is located on the centrality axis. One of
the keywords clustering with user-centered design is smartphone
apps. An examination of the key literature corresponding to
cluster networks reveals that scholars focus on designing
user-centered, smartphone-based mobile health apps, such as
nutrition education apps that, for example, provide technical
support for adolescents with overweight and obesity [59].
Having lower centralities and density values, the themes of Q3
are internet utilization and costs. The internal relationship
between internet utilization and costs is weak; both are in an
immature development stage and have little impact. The cluster
network shows that the keywords in costs include search engine
and health records; the keywords in internet utilization include
health behavior, systematic review, and patient education as
topic. The literature corresponding to internet utilization reveals
that the content of relevant literature involved patients using
the internet to search for health information for self-care. For
example, Jamal et al [60] studied the online health information
searching behavior of patients with type 2 diabetes in the Middle
East and its influence on their self-care behavior. The results
showed that most internet health information searchers had
positive changes in their behaviors after searching and had a
stronger awareness of diabetes self-care [60].
Natural language processing is located on the density axis, with
centrality and density values of 24.1 and 4.18, respectively. The
cluster network shows that natural language processing is
connected with consumer health vocabulary, state, online
support groups, and text. An examination of the core literature
corresponding to the cluster shows that most scholars mined
and dealt with the health-related contents of consumers through
social media, health websites, health forums, and other ways to
obtain the users’ health needs, explore the users’ health
behaviors, and investigate the application of health information
technology [61,62].
The themes of Q4 are health communication, health literacy,
and technology, with centralities of 57.98, 50.29, and 54.79,
respectively, and density values of 4.7, 3.55, and 3.46,
respectively. The technology cluster network formed 15 nodes
and 21 wires, but the internal relationship was very weak. Health
communication has the highest centrality and has many
connections with external themes. It is a key theme with
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development potential. The cluster network shows that health
communication is strongly related to keywords such as medicine,
telehealth, and perspectives. Benis et al [63] studied the use of
communication channels between patients and health care
organizations. By matching the communication channels with
the patients’ personal information, the communication between
medical institutions and patients can be transformed into a more
active mode, and the patient’s participation can be improved.
Health literacy is an emerging theme; it has the largest number
of related literature and the largest citation frequency sum. The
keywords closely related to health literacy include skills, patient
education, and public libraries. Health literacy is the ability of
individuals to access and understand health information and to
use it to maintain and promote their health. An examination of
the literature of important nodes reveals that scholars pay more
attention to the assessment and intervention of health literacy
[64] and the assessment of internet health information quality
[65,66].

Evolutionary Path Analysis
Design and Overview
The theme evolution map shows, through a data flow, the
evolution of the 4 study period themes of CHI research. It can
analyze and track the dynamic evolution of the themes in the
field of CHI research over a period. Figure 10 shows the CHI
research field’s theme evolution map. Each column in the figure
represents a study period. In the figure, the nodes represent the
research themes, and the size of the nodes is proportional to the
number of related articles of the research themes. The
connection between the nodes represents the theme data flow,
the solid line represents the main keywords shared by 2 themes,
and the dotted line represents the shared keywords are not the
main keywords. The width of the connection is proportional to
the Inclusion index [11].
From Figure 10, it can be seen intuitively that patient education
and technology appear in 3 study periods, and that eHealth,
attitudes, and patients appear in 2 study periods. With time, the
circle in the theme evolution map becomes larger, the number
of the research themes increases, and the data flow between the
research themes becomes increasingly complex. This reflects
the emergence of new research themes and contents from 1999
to 2019. According to the theme evolution map, the size of the
research theme circle, and the data flow between themes, 10
theme evolution paths of 3 research directions in the field of
CHI were determined.
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Figure 10. Thematic evaluation map of the consumer health informatics research field (1999-2019).

Supply-Side Research of Consumer Health Informatics:
Patient Education and Intervention Research
Consumer health education is the process of assisting one to
acquire the correct information and understanding so that one
will be able to make wise decisions about a certain health item
[67]. Patient education → patient education → patient
education → health literacy, pharmacy (subpath 1). Patient
education → world wide web → websites → health
communication (subpath 2). Patient education → eHealth →
eHealth → health literacy, breast cancer, health communication
(subpath 3).
The 3 subpaths above evolved from the main and branch
directions of the patient education theme in the first study
period. Over time, the nodes on the evolutionary path become
https://www.jmir.org/2021/9/e21974
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larger, the number of research articles increases, and the data
flow from node splitting is greater. The data flow of patient
education and intervention research evolution is relatively clear
and represents the main path of the evolution theme of CHI.
The theme on the path mainly moves between the first quadrant
and the fourth quadrant, and the split and fusion of themes are
obvious. In the second study period, subpaths 1 and 3 became
the focus of research. In the third study period, the theme density
increased and the centrality decreased, demonstrating a
professional and mature research direction in the field. In the
fourth study period, the themes split into several themes with
great influence and development potential (health
communication and health literacy). In the third study period,
the subpath 2 integrated multiple themes, and the density of
themes decreased. In the fourth study period, the theme split
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into several low-density but high centrality themes (natural
language processing).

Consumer-Side Research of Consumer Health
Informatics: Consumer Demand, Attitude, and Behavior
The evolutionary path of consumer demand, attitude, and
behavior research consists of 3 subparts. Needs → patients →
attitudes, physicians → attitudes, health literacy,
healthinformation seeking, internet utilization (subpath 1);
medicine, needs → behavior → information seeking →
healthinformation seeking, health literacy (subpath 2); and
medicine → diseases → patients → electronic medical records
(subpath 3).
These 3 subpaths evolved from the main and branch directions
of medicine and needs in the first study period. With time, the
number of nodes on the evolutionary path increases, the number
of research articles increases year by year, and the data flow of
node splitting also increases. The themes in the evolutionary
path of consumer demand, attitude, and behavior research
mainly move between the first, third, and fourth quadrants, and
the themes are divided and integrated. The theme of subpath 1
has gone through a stage in which centrality and density rise,
and in this field, it finally forms many core themes, such as
healthinformation seeking, health literacy, and attitudes. In the
second study period, subpath 2 splits to form a new theme
(behavior). Later, this theme attracted the attention of many
scholars in the field; its density and centrality increased rapidly,
and it became the core theme in the field. In the second and
third study periods, subpath 3 is an edge theme that is not of
high concern. In the fourth study period, some themes (attitudes,
physicians, technology, patients, websites) split and merge into
a high centrality and density key theme (electronic medical
records).

The Technology Research of Consumer Health
Informatics: The Application Research of Internet and
Information Technology
Currently, big data, internet plus, artificial intelligence, and
other emerging information technologies have been tightly
integrated with traditional medical and health industries. The
application of internet and information technology in the field
of CHI has attracted more attention from computer science and
communication science scholars. The evolution path of internet
and information technology application research consists of 4
subpaths. Medicine → technology → technology → technology,
health communication (subpath 1); patient education → eHealth
→ eHealth → online health information (subpath 2); needs,
bibliographic database → patients, world wide web →
information seeking → natural language processing,
user-centered design, academic libraries (subpath 3); and
medicine → world wide web, terminology → websites → online
health information, natural language processing, breast cancer
(subpath 4).
These 4 subpaths evolved from the main directions of
bibliographic database in the first study period as well as the
branch directions of patient education and medicine. The number
of research articles is gradually increasing, and the phenomenon
of node splitting and fusion is also obvious. The theme of the
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evolution path of the internet and information technology
application research mainly moves between the first, second,
and fourth quadrants. The evolution path is relatively complex,
which may be related to the application of information
technology in different research directions. Subpath 1 emerged
from the theme of the first study period, and the density
decreased in the second study period. In the third and fourth
study periods, the centrality increased. The density decreased
after the split of multiple themes, and some important themes
with strong influence and development potential developed.
Subpath 2 divides from the theme of patient education in the
first study period. In the second study period, a key theme with
high centrality and density was formed. In the third and fourth
study periods, the centrality decreased, and the density
increased; it became a professional theme in the field. The data
flow of subpaths 3 and 4 is relatively complex and is formed
by the convergence of 2 routes in the first and second study
period.

Discussion
Overall Development Status of Consumer Health
Informatics
In the past 21 years, CHI research has been on the rise and has
gone through 3 stages: slow growth, stable growth, and rapid
growth. In the early stage, the development was slow, the themes
were few, and the intensity was low. In the later stages, the
development became diversified. After 2015, the number of
research papers on CHI increased substantially, and it became
a hotspot of academic research. In 2019, it reached a peak of
112 papers, a research volume accounting for 12.03% of the
total literature.
The period 1999-2003 comprises the basic research stage of
consumer health information. Six of the top 10 highly cited
literature in this field come from this study period. This literature
constitutes the cornerstone of CHI research. Consumer health
information evaluation tools, such as DISCERN, that were
developed in this study period have become recognized mature
tools in the field. The period 2004-2014 was one of steady
growth in the research on CHI. During this period, fewer
keywords disappeared, and more new ones were absorbed. In
2015-2019, the number of keywords was the largest, and the
research content involved was increasingly more abundant. A
similarity index for the fourth study period reached a higher
level, reflecting that the research field of CHI had become more
mature, the inheritance of research had become stronger, and
researchers were continuing to focus on more research topics.

Evolutionary Characteristics Analysis
By analyzing the rise, decline, and the change in the density
and centrality of the themes in different study periods, the
evolution characteristics and status of the research themes can
be reflected.
The motor themes include the following: medicine and patient
education in 1999-2003; world wide web, patient education,
eHealth, and medication in 2004-2008; information seeking,
physicians, and attitudes in 2009-2014; and electronic medical
records, healthinformation seeking, attitudes, and breast cancer
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in 2015-2019. These themes have high centralities and density
values. Besides, the research studies are popular and influential,
and the internal relations within these themes are closely
relevant. These themes are the core of the research field and
their development is mature.
The highly developed and isolated themes include the following:
bibliographic database in 1999-2003; technology in 2004-2008;
eHealth, patient education, and food labeling in 2009-2014;
and pharmacy, academic libraries, online health information,
and user-centered design in 2015-2019. Having high-density
values and low centralities, these themes do not represent the
research center. They are mature and peripheral themes in this
field.
The emerging or declining themes include the following:
behavior, terminology, and disease in 2004-2008; patient and
strategies in 2009-2014; and costs and internet utilization in
2015-2019. Because of their low centralities and density values,
these themes have been weakly developed and are marginalized
themes in this field.
The basic and transversal themes include the following: needs
in 1999-2003; patients in 2004-2008; websites, technology, and
risk in 2009-2014; and health communication, breast cancer,
health literacy, technology, and natural language processing
in 2015-2019. These themes have high centralities and
low-density values, indicating that these have a high influence
on the field of CHI but are not well developed.
By analyzing the evolutionary status of the themes in the
2015-2019 study period, the paper expects to predict the future
development trend of the field. The centrality and density value
of electronic medical records are extremely high. Although
there are not many related documents, each document has been
cited 14 times on average, indicating that it has received
extremely high attention and may appear in the next research
period. Healthinformation seeking is relatively stable because
of its high centrality and density value. After an internal
keyword splitting and recombination, the attitudes theme is still
high in centrality and density value, and the research enthusiasm
has not decreased. It will continue to become a hot topic in the
field of CHI research. Breast cancer split from risk in the
previous study period, with increased centrality and density
value (transferred from Q4 to Q1). With the expansion of
research influence, it became more mature and eventually
became the research core in the field. Although the number of
studies related to online health information is not large, the
average citation frequency of each study is the highest,
indicating that it has a great influence on future research. Online
health information is one of the foundations of the CHI research
field, has great development potential, and may continue to
appear in the next study period. Natural language processing
has been a hot topic in recent years, and it is likely to continue
to appear in the next study period. Health literacy is an emerging
topic, with the largest number of relevant studies and total cited
frequency. This indicates that it has a high level of attention
and has a strong evolution and development ability. It will
continue to be a hot topic in this field. Technology has been
transferred from Q2 to Q4. Its research influence and
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development potential have improved, reflecting that it will
continue to be the basic theme in this field.

Evolutionary Path Analysis
By analyzing the evolution characteristics of patient education
and intervention research themes, it can be found that the
research in the slow growth period mainly focuses on the
application and exploration of the internet and information
systems and explores the health education for patients through
computers and websites [13]. The research in the stable growth
period mainly focuses on the use of network health information
[41], the design of personalized or customized patient education
[29], and the application of intelligent and mobile devices [30].
The research in the rapid growth period mainly focuses on the
role and mechanism of the online health community in patient
support [54], doctor–patient communication [63], and the quality
evaluation of online health information [66].
By analyzing the evolution characteristics of consumer demand,
attitude, and behavior research themes, it can be found that the
research in the slow growth period mainly focuses on the users’
demand for online health information search, as well as
demand-driven behavioral research, such as an analysis of the
characteristics of health information–retrieval terms [28]. Studies
in the stable growth period mainly focus on the patients’ attitude
and cognition toward health information [23], health information
searching behavior, and its influencing factors [68]. The research
in the rapid growth period mainly focuses on personal health
information management [69], health literacy assessment, and
health literacy intervention [70]. The internet health information
search behavior of patients with different diseases is still the
research hotspot in this period.
By analyzing the evolution characteristics of the research themes
regarding the internet and information technology application,
it can be found that the research in the slow growth period
mainly focuses on the technology applied to patient education
[71] and the development of a bibliographic database network
interface [26]. The studies in the stable growth period mainly
focus on the use of the internet and information technology to
intervene in people’s health activities [72], help improve the
patients’ health status, and strengthen the patients’ self-care
skills [73]. They also examined the use of information
technology in the patients’ health information search behavior
[74], identifying text difficulty of health information and
classifying health care webpages using machine learning and
natural language processing methods [75,76]. The research in
the rapid growth period mainly focuses on the application of
natural language processing [77] and the development and
evaluation of user-centered mobile medical apps [78].
Wongchaisuwat et al [79] developed an algorithm to
automatically answer health-related question by implementing
a semisupervised learning algorithm. Park et al [80] analyzed
the online discussion content of 3 online health communities
employing text mining and k-means machine learning algorithm
to compare the discussion topics.

Limitations
In this paper, we used the SciMAT tool to analyze the keywords
of the literature data and constructed the overlapping map,
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evolution map, strategic diagram, and a cluster network. Owing
to the limitation of the scope of our school’s database, we only
obtained the literature from 1999 to 2019, failed to trace the
earliest research literature on CHI, and failed to build a complete
evolution path of the CHI research theme.

extinction of themes have occurred. Its complex evolution
process has also attracted the attention of many scholars. The
research status and influence of this evolution path have
gradually increased, making it a research direction with
development potential.

Conclusions

According to the existing literature, themes that will continue
to appear in the next study period include the following:
electronic medical records, online health information, health
information seeking, attitudes, health literacy, technology, and
natural language processing. The first 2 themes are information
resource elements in the consumer health information
ecosystem. Because of the continuous advancement of medical
informatization and the rapid development of social media,
electronic health records, online health information, and online
health question answering data have formed massive health
information repositories. These health information big data are
like gold mines waiting to be explored by researchers. The
middle 3 themes are information subject elements, and the last
2 themes are the information technical elements in the
environment. To maintain the sustainable development of the
consumer health information ecosystem, it is necessary to start
from the supply side and the demand side of health information
and to solve the mismatch between service and demand by using
computer and information technology.

In this research, a bibliometric analysis was carried out to
explore the dynamic evolution path and evolution laws of CHI
research themes on a time dimension and from the perspective
of strategic diagrams and data flows. CHI research focuses on
themes, such as the patients’ education, health information
needs, information search behavior, health behavior intervention,
health literacy, health information technology, and eHealth. The
research content in 4 different study periods formed the 38
themes. These themes formed 10 evolution paths in 3 research
directions: patient education and intervention, consumer demand
attitude and behavior, and internet information technology
application. Patient education and intervention research,
consumer demand, attitude, and behavior research comprise the
main theme evolution path. The path’s evolution process has
been relatively stable, and it will continue to represent the
research hotspot in this field. Research on the internet and
information technology application is a secondary theme
evolution path, where obvious absorption, fragmentation, and
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Abstract
Background: Traditional psychological theories are inadequate to fully leverage the potential of smartphones and improve the
effectiveness of physical activity (PA) and sedentary behavior (SB) change interventions. Future interventions need to consider
dynamic models taken from other disciplines, such as engineering (eg, control systems). The extent to which such dynamic models
have been incorporated in the development of interventions for PA and SB remains unclear.
Objective: This review aims to quantify the number of studies that have used dynamic models to develop smartphone-based
interventions to promote PA and reduce SB, describe their features, and evaluate their effectiveness where possible.
Methods: Databases including PubMed, PsycINFO, IEEE Xplore, Cochrane, and Scopus were searched from inception to May
15, 2019, using terms related to mobile health, dynamic models, SB, and PA. The included studies involved the following: PA
or SB interventions involving human adults; either developed or evaluated integrated psychological theory with dynamic theories;
used smartphones for the intervention delivery; the interventions were adaptive or just-in-time adaptive; included randomized
controlled trials (RCTs), pilot RCTs, quasi-experimental, and pre-post study designs; and were published from 2000 onward.
Outcomes included general characteristics, dynamic models, theory or construct integration, and measured SB and PA behaviors.
Data were synthesized narratively. There was limited scope for meta-analysis because of the variability in the study results.
Results: A total of 1087 publications were screened, with 11 publications describing 8 studies included in the review. All studies
targeted PA; 4 also included SB. Social cognitive theory was the major psychological theory upon which the studies were based.
Behavioral intervention technology, control systems, computational agent model, exploit-explore strategy, behavioral analytic
algorithm, and dynamic decision network were the dynamic models used in the included studies. The effectiveness of
quasi-experimental studies involved reduced SB (1 study; P=.08), increased light PA (1 study; P=.002), walking steps (2 studies;
P=.06 and P<.001), walking time (1 study; P=.02), moderate-to-vigorous PA (2 studies; P=.08 and P=.81), and nonwalking
exercise time (1 study; P=.31). RCT studies showed increased walking steps (1 study; P=.003) and walking time (1 study; P=.06).
To measure activity, 5 studies used built-in smartphone sensors (ie, accelerometers), 3 of which used the phone’s GPS, and 3
studies used wearable activity trackers.
Conclusions: To our knowledge, this is the first systematic review to report on smartphone-based studies to reduce SB and
promote PA with a focus on integrated dynamic models. These findings highlight the scarcity of dynamic model–based smartphone
studies to reduce SB or promote PA. The limited number of studies that incorporate these models shows promising findings.
Future research is required to assess the effectiveness of dynamic models in promoting PA and reducing SB.
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Introduction
In the past decade, there has been a widespread proliferation in
the use of digital technologies to deliver behavior change
interventions for health [1]. Given their ubiquity, smartphones,
in particular, have been used to improve a wide range of
health-related behaviors, including physical activity (PA) and
sedentary behavior (SB) [2,3]. Smartphones offer a host of
relevant functions, including computational capabilities, built-in
sensors (eg, accelerometers and GPS), and internet connectivity,
enabling users to run software apps and connect with third-party
sensors. Collectively, these features offer the potential for
delivering real-time, context-aware, and interactive health care
interventions [4].
Theory-based lifestyle interventions have been shown to be
more effective than nontheoretical approaches [5]. Thus, to
better leverage the potential of mobile technologies for health
behavior interventions (mobile health [mHealth]), appropriate
behavior change theories and models are needed. Such theories
and models need to guide the design and development of
complex smartphone interventions that can adapt rapidly in
response to various inputs [4]. To date, many smartphone-based
interventions to promote PA and reduce SB have relied
predominantly on psychological theory, including social
cognitive theory (SCT) and self-efficacy theory [2,6]. In a
seminal paper, Riley et al [4] argued that current behavioral
theories do not meet the need for a more dynamic and interactive
nature of digital behavior change interventions, such as
just-in-time adaptive interventions. These just-in-time adaptive
interventions are complex interventions that adapt throughout
time to an individual’s time-varying context (where) and status
(when) to meet an individual’s changing needs for support [7-9].
Riley et al [4] argued that existing psychological theories are
relatively static and linear and lack sufficient within-subject
dynamic regulatory processes. Furthermore, current
psychological theories have been used to tailor interventions
based on preintervention data rather than deliver adaptive
interventions.
To transform current theories into dynamic frameworks and
fully maximize the potential of smartphone technologies, Riley
et al [4] highlighted the need to incorporate theories from other
disciplines (eg, computer science and engineering) for the future
development of adaptive and dynamic digital behavior change
interventions. One such theory is the control systems
theory—derived from the control theory or cybernetics—which
is a general concept for the understanding of regulatory
processes [10] and has various applications in engineering,
mathematics, medicine, and economics, among others. Control
systems engineering explores how to influence and regulate a
dynamic system (eg, time-varying adaptive PA intervention)
https://www.jmir.org/2021/9/e26315
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[11,12]. Applying these dynamic models to health behaviors
offers the potential to better predict behavior and provide greater
insight into real-time changes, which, in turn, enable the
optimization and maintenance of behaviors [9].
Since the study by Riley et al [4] was published, it is unclear
how many smartphone-based interventions targeting PA and
SB have integrated nonpsycholgical theories to create more
dynamic models for digital behavior change interventions, what
adaptive factors have been considered, and whether these
dynamic interventions improve behaviors. Therefore, this review
aims to (1) quantify the number of studies that have used
integrated dynamic models to develop smartphone-based
interventions to promote PA and reduce SB, (2) describe their
features, and (3) evaluate their effectiveness, where possible.

Methods
Design
The systematic review was performed according to the PRISMA
(Preferred Reporting Items for Systematic Reviews and
Meta-Analyses) statement [13] and was registered with
PROSPERO (International Prospective Register of Systematic
Reviews; CRD42020139350) [14].

Study Criteria
This review included studies that developed or evaluated digital
behavior change interventions targeting PA, SB, or both and
integrated psychological theories with dynamic theories and
computational models (eg, control systems engineering); were
either adaptive or just-in-time adaptive interventions that
included smartphones for delivery; involved human adult
participants; included randomized controlled trials (RCTs), pilot
RCTs, quasi-experimental, pre-post study designs; and were
published from 2000 onward.

Exclusion Criteria
Studies that used conventional theories of behavior change alone
without integration with dynamic theories or computational
models, case studies, protocols, conference abstracts,
dissertations, and reviews were excluded.

Definition
For this review, dynamic theories refer to dynamic models taken
from other disciplines, including engineering (eg, control
systems engineering) and computer science (eg, agent-based
modeling). The defining features of dynamic approaches are
that they are not static, nonlinear in nature, and capable of
capturing complex and rapid changes in behaviors (ie,
time-variant) and their influential factors (ie, multivariate).
Furthermore, they are quantifiable, empirical, and testable
models.
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Search Strategy
Databases (IEEE, PubMed, PsycINFO, Cochrane, and Scopus)
were searched from January 2000 to May 15, 2019, without
language restriction. Keywords (including Medical Subject
Headings terms) and phrases comprised 3 components (mHealth,
dynamic models, and activity), where “OR” and “AND”
Boolean operators were used for within and between component
searching (Multimedia Appendix 1). The wild-card term “*”
was used where necessary to potentiate sensitivity. Snowball
searching was performed using the included studies to identify
additional relevant research. The search results were exported
to a reference manager software (EndNote X9; Clarivate
Analytics) for review and extraction.

Screening Process and Data Extraction
Two researchers (JMV and RDK) independently screened and
reviewed the titles and abstracts to identify eligible studies. The
full text of the included papers was assessed based on the study
criteria. The following information was collected: author and
year, country, study design, duration of the study, recruitment
and setting, the population of the study, sample size, inclusion
criteria, participant characteristics, dynamic model, theory or
constructs integrated, and outcomes measured (SB and PA
behaviors).

Quality Assessment
Two researchers (JMV and RDK) assessed the risk of bias. The
Cochrane Handbook for Systematic Reviews of Interventions
[15] was used to evaluate randomized studies for selection bias,
detection bias, attrition bias, performance bias, and reporting
bias as the main sources of bias. Other sources of bias were also
considered. In addition, the Joanna Briggs Institute Critical
Appraisal Checklist for Quasi-Experimental Studies [16] was
used to assess nonrandomized studies. Where available,
protocols and trial registry data were found for risk of bias
assessment. Where multiple reports existed for the same study,
data were extracted from all reports and expressed together.
The authors were contacted for further information, as needed.

Data Analysis
The data were synthesized narratively to address the aims of
this review. Given the heterogeneity of the included studies in
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terms of methodology, outcome measures, and statistical
approaches, a meta-analysis of effectiveness data was not
conducted. Instead, a synthesis without a meta-analysis
method—vote counting based on the direction of effects—was
used to synthesize data [17]. The effect direction is a
standardized binary metric based on the observed benefit
(positive) or harm (negative). Vote counting is based on effect
direction and compares the number of positive effects with the
number of negative effects on an outcome. An effect direction
plot is used for the visual representation of data and linking
narrative synthesis to the overall conclusion [18,19]. In this
review, the updated method of the effect direction plot is used
as outlined elsewhere [20]. Changes within the intervention arm
of controlled studies and changes from baseline in uncontrolled
studies were considered for judgment. PA outcomes including
light activity, walking (time and steps), moderate-to-vigorous
PA (MVPA), nonwalking exercise, and total PA time from 6
studies were grouped as PA health domains. For studies with
multiple PA outcomes, the effect direction was where 70% or
more of the outcomes reported a similar direction (positive or
negative). If less than 70% of outcomes showed a similar
direction, they were reported as conflicting findings or no clear
effect. A sign test was applied to test any evidence of an effect
across studies. A 2-tailed P value was then calculated to show
the probability of observing positive and negative findings for
the PA health domain.

Results
Overview
A total of 1087 study reports were identified after removing
duplicates. In addition, 9 studies were identified through a
manual search. A total of 76 research articles underwent a full
review, and 11 reports describing 8 studies were eligible and
included in this systematic review. The characteristics of the
included studies are summarized in Table 1. The inclusion
process and reasons for exclusion are shown in the PRISMA
flow diagram (Figure 1). The reasons for excluding 65 studies
(in full-text review) are provided in Multimedia Appendix 2
[21-85].
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Table 1. General characteristics of the included studies.
Author (year)

Country

Study design and
duration

Baretta et al
(2019) [86]

Italy

Direito et al
New
(2019) [87]
Zealand
(other related
reference: Direito et al [88])

Recruitment setting

Sample, n

Inclusion criteria

Participants’ characteristics

Intervention develop- Indoor activity
ment; 8 weeks
settings (eg,
gyms)

60

Not described

•

Pre-post single-arm
intervention; 8
weeks

69

Community

•
•
•
•

17-69 years
•
Owning an Android phone

•
•
•
•

Conroy et al
(2018) [12]

United
States

Single-group microintervention; 16
weeks

Community (via
advertisement)

10

Adults not meeting
federally recommended levels of
aerobic PA but had
no contraindications
to PA

•
•
•
•
•
•
•

Middelweerd et The Netheral (2020) [89]
lands
(Other related
references:
Klein et al [90]
and Middelweerd et al
[91])

Korinek et al
United
(2018) [92]
States
(other related
references:
Freigoun et al
[93] and Martin
et al [22])
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3-arm quasi-experimental; 12 weeks

Pre-post single-arm
intervention; 14
weeks

Community (fly- 104
ers, posters, social media, personal contacts,
and snowball
strategies)

Nationally via
20
community advertising methods
(eg, email to student listservs,
word-of-mouth,
and social media
ads)

Adults aged 18-30
years at the time of
registration, in possession of a suitable
smartphone running
on Android or iOS,
apparently healthy,
Dutch-speaking, and
signed the informed
consent form

•
•
•
•
•
•

Generally healthy,
•
insufficiently active,
40 to 65 years, BMI •
•
25 to 45 kg/m2,
owned and regularly
•
used an Android
•
phone capable of
connecting to a Fitbit Zip via Bluetooth
4.0

People who did not
meet PAa guidelines
Age (35-60 years)
Female (35/60, 58%)
Insufficiently active
healthy adults (either
those who did not meet
PA recommendations
or who intended to decrease sedentary behavior)
Mean age 34.5 (SD
11.8) years
Female (54/69, 78%)
Mean BMI 25.6 (SD
4.95) kg/m2
Ethnicity: New
Zealand European
(38/69, 55%)
Mean age 34.4 (SD
9.0) years
Female (9/10, 90%)
Employed full time
(8/10, 80%)
Parents (6/10, 60%)
Single (5/10, 50%),
married (4/10, 40%), or
divorced (1/10, 10%)
Education (6/10, 60%
with at least a bachelor’s degree)
White (9/10, 90%),
Asian American (1/10,
10%), and none were
Hispanic or Latino
Healthy young adults
Mean age 23.4 (SD
3.0) years
Female (83/104,
79.8%)
Students (72/104,
69.2%)
Mean BMI 22.8 (SD
3.4) kg/m2
Previous experience
with PA apps (33/104,
31.7%)
Overweight and sedentary adults
Age (47 years)
Mean BMI 33.8 (SD
6.82) kg/m2
Female (18/20, 90%)
Walked on average
4863 steps per day
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Author (year)

Country

Study design and
duration

Sample, n

Rabbi et al
(2015) [94]

United
States

17 (intervention=9;
Pilot RCTb; 3 weeks Advertisement
placed through- control=8)
out the university
campus

Inclusion criteria

Participants’ characteristics

Owned an Android •
mobile phone, interested in fitness
•
•
•
•

Rabbi et al
(2018) [95]

United
States

Pilot Pre-post single- Via the Wellness 10
arm intervention; 5 Center and retiree
weeks
mailing lists from
Cornell University

Zhou et al
(2018) [96]

United
States

RCT; 10 weeks

People with a histo- •
ry of chronic back
pain (≥6 months in •
duration); willing to
use MyBehaviorCBP; having some
•
reasonable level of
outdoor movement
(eg, traveling to and
from work); not being significantly
housebound; with a
basic level of mobile
phone proficiency;
aged between 18
years and 65 years;
and fluent in English

Email announce- 64 (intervention=34; Staff member, inment; university control=30)
tended to be physicampus
cally active in the
next 10 weeks; own
an iPhone 5s or
newer; willing to
keep the phone in
the pocket during
the day; willing to
install and use the
study App; able to
read and speak English

•
•

•
•
•
•
•

a

Adult students and
staff
Mean age 28.3 (SD
6.96) years
Student (13/17, 76%)
Female (8/17, 47%)
All participants (lowto-moderate PA)
Adults with chronic
low back pain
Mean age 41.1 (SD
11.3; range 31-60)
years
Female (7/10, 70%)

Adult staff employees
Small fraction had the
following conditions:
high blood pressure
(5/64, 8%), type 2 diabetes (5/64, 8%), hypercholesterolemia (7/64,
11%)
Married or cohabitating
(34/64, 56%)
White or non-Hispanic
(29/64, 45%)
Full-time job (45/64,
70%)
Mean age 41.1 (SD
11.3) years
Female (53/64, 83%)

PA: physical activity.

b

RCT: randomized controlled trial.
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Figure 1. Flow of studies. PRISMA: Preferred Reporting Items for Systematic Reviews and Meta-Analyses [13].

General Description of the Studies
A total of 5 studies were conducted in the United States
[12,92,94-96], 1 in Italy [86], 1 in New Zealand [87,88], and 1
in the Netherlands [89-91]. Of these, 3 studies used pre-post
intervention designs [87,92,95], 2 were RCTs [94,96], 1 was a
3-arm quasi-experimental study [89], 1 was a single-group
microrandomized trial [12], and 1 was development study [86].
The duration of the studies ranged from 3 weeks to 6 months.
A total of 5 studies recruited participants from community
settings [12,86,87,89], 1 from the university campus and
community [92], 2 from the university only [94,96], and 1 from
a university wellness center and retiree mailing list [95].
Populations included insufficiently active and sedentary healthy
adults, healthy and highly educated young adults, overweight
and sedentary adults, adults with chronic low back pain, and
students and staff from a university setting. Sample sizes ranged
from 10 to 104 participants in the intervention evaluation studies
and 60 in the development study. Participants were
predominantly women in all studies except one [94]. The general
characteristics of the included studies are summarized in Table
1.

Theoretical Premise
SCT was the predominant psychological theory used
[12,89,92,94,95]. A study incorporated self-efficacy theory [86],
with a dynamic decision network—a sequence of simple
Bayesian networks used to describe probabilistic computational
models [97]. A study used an integrated behavior change model
incorporating 33 behavior change techniques (eg,
self-monitoring, goal setting, and review of goals) combined
with the behavioral intervention technology model [87]. Two
studies incorporated control systems engineering models
https://www.jmir.org/2021/9/e26315
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integrated with SCT [12,92]. In a study, SCT, self-regulation
theory, and health action process approaches were integrated
with a computational agent model—an intelligent reasoning
system [89]. Learning theory, the Fogg behavior model, and
SCT were combined with the exploit-explore strategy in 2
studies [94,95]. Rather than using a theoretical framework, a
study integrated a single behavior change technique (goal
setting) with a behavioral analytic algorithm [96].

Featured Description of Interventions
All studies promoted PA, whereas 4 studies also involved
interventions for reducing SB [12,87,94,95]. Few studies
explicitly stated the inclusion of behavior change techniques
[87,89,92] as part of their intervention, 2 of which included a
range of behavior change techniques [87,89]. Conroy et al [12]
did not describe specific behavior change techniques but stated
using intervention messages, which targeted key SCT constructs
(eg, outcome expectancies, risk awareness and planning,
efficacy-building affirmations, social support, and evoking
anticipated reward or regret). The most common behavior
change technique used across all studies was goal setting
[86,87,89,92,96]. In terms of PA, 3 studies [87,92,96] included
daily goal setting to achieve PA targets, whereas 1 study
promoted weekly goal setting [89]. In a study, weekly step goals
were initially established and then broken down into daily
short-term goals [86]. Only 1 study set goals for SB [87]. To
help participants set PA and SB goals, 5 studies used past
activity performance [86,87,89,92,96], whereas 2 also took into
account individuals’ perceptions of self-efficacy [86,92]. Instead
of setting goals, 2 studies focused on habit formation by
providing suggestions from an individual’s past frequent and
infrequent activities after manual and automatic logging and
J Med Internet Res 2021 | vol. 23 | iss. 9 | e26315 | p.48
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clustering of past activities [94,95]. Habit formation was also
accounted for in another study [87]. For SB, Direito et al [87]
encouraged participants to replace periods of extended sedentary
time with light-intensity walking and standing, whereas Conroy
et al [12] included sit less and move more messages. Two other
studies by Rabbi et al [94,95] targeted both SB and standing by
promoting short walks. None of the studies measured standing
as an outcome.
Monitoring and feedback on behavior was another widely used
behavior change technique [86,87,89,92,94,96]. All 6 studies
used visual and numerical feedback on behavior, whereas 2
used biofeedback to help monitor behavior [86,94]. Four studies
included a reward in the form of social rewards [19,20,94] and
material incentives [17]. In terms of the type of intervention, 2
studies used push notification messages [87,89], 3 used push
notifications to present step goals or minutes of activity goals
(eg, walking) [86,92,96], 2 had in-app suggestions selected from
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frequent and infrequent past activities [94,95], and 1 used text
messages [12].
In total, 7 studies used mobile apps, 6 of which ran on Android
[86,87,89,92,94,95] and 1 on iPhone operating systems (iOS)
[96]; 1 study did not mention the operating system used [12].
Four studies including TODAY, MyBehavior, MyBehaviorCBP,
and CalFit [87,94-96] used built-in smartphone sensors (ie,
accelerometers) to measure activity, and 3 studies used wearable
activity trackers (Fitbit One, Fitbit Zip, and ActivPAL3)
[12,89,92]. A heart rate sensor was used to measure activity in
the study by Baretta et al [86]. Furthermore, 3 studies used the
phone GPS to identify geo-locations [89,94,95]. Some studies
used built-in phone GPS and apps to capture and account for
environmental contexts such as location (eg, workplace)
[87,89,94,95], weather [89,92], and weekend or weekday
[12,92]. The JustWalk intervention incorporated psychological
states (eg, stress) and measures of busyness and sleep quality.
Further details have been provided in Table 2.
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Table 2. Features of smartphone-based physical activity intervention development or evaluation.
Author
(year)

Intervention

Control

Theoretical
premise

Primary
outcome

Other outcomes

Technology feature

Baretta et
al (2019)
[86]

Weekly tailored PAa
goals

N/Ac

Self-efficacy
theory and dynamic decision network

PA measured by

N/A

•

Android app:
•
Muoviti (visualizing the heart-beat
rate graph of the
last training session, the curves of
weight and waistline variations
week by week, the
burned calories
graph, session by
session, and the
percentage of vigorous activity with
respect to moderate activity)

•

Other: HR wristbands (MioAlpha
and PulseON)

•
•
•
•

Direito et
al (2018
and 2019)
[87,88]

Starting goal
(first week): 120
METb
Long-term goal:
600 METs per
week of PA
Weekly goals
broken down into daily goals
Factors not considered in the intervention development but proposed for the
next study:
working hours,
time of the day,
day of the week,
health and illness, weather,
etc

Daily individualized
and adaptive PA and
SBe goals:
•

•

•

•

•

Daily activities
(eg, transport to
or from work,
PA at work)
Light-intensity
activity to replace SB (eg,
walking to a colleague’s desk
rather than call
or email, stand
up while on the
phone)
Leisure-time
moderate-to-vigorous PA (eg,
cycling)
Daily goals, visual and numerical
feedback on past
day and historical data, tips or
suggestions, infographics, videos,
and links, frequently asked
questions, reminders, and
push notifications
Context: workplace (location)
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N/A

Intervention
mapping taxonomy to
identify behavior change
techniques
(eg, self-monitoring, goal
setting, or review of goals)
from literature. Integrated behavior
change model
constructs and
behavioral intervention
technology;
33 behavior
change techniques were
included

HRd sensor, self-efficacy beliefs

Test the ac- Pilot-test- •
ceptability ing the TOand feasibil- DAYf app
ity of justin-time
adaptive intervention
on PA and
SB

Results

Android apps: Art •
of Living app and
TODAY app. Other: built-in phone
sensors for SB and
activity (ie, accelerometer)

•

•

N/A

TODAY app: loweffort and pleasant
(54.3%), provides
guidance on
changing activity
profile (52.6%),
positively framed
messages (64.4%),
the app sustained
interest over the 8
weeks (28.8%)
Most favorable
behavior change
techniques for the
users (goal setting,
discrepancy between current behavior and goal,
feedback on behavior, instruction on
how to perform
the behavior, and
behavior substitution)
Only significant
improvement was
occurred on light
PA (see the results
for statistics)
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Author
(year)

Intervention

Conroy et
al (2018)
[12]

Middelweerd et al
(2020)
[89], Klein
et al (2017)
[90], and
Middelweerd et al
(2018) [91]

Control

Daryabeygi-Khotbehsara et al

Theoretical
premise

Primary
outcome

Other outcomes

Technology feature

Five daily text mesN/A
sages (between 8 AM
to 8 PM). Three message types (move
more, sit less, general
facts or trivia [unrelated to PA or SB]).
Message receipt was
confirmed with a reply. Factors: context
(weekday and weekend)

Social cognitive theory
and control
systems engineering

Stepping
time

N/A

•

Weekly moderate-to- N/A
vigorous PA goals: 30
minutes of moderate
PA for at least 5 days
a week or 20 minutes
of vigorous PA for 3
days a week

Social cognitive theory,
self-regulation
theory and
health action
process approach and
computational
agent model

To increase N/A
the total
time spent
in moderate-to-vigorous PA

•

Social cogni- Feasibility, N/A
tive theory
daily steps
(particularly
self-efficacy
construct),
goal setting
and control
systems engineering (system identification)

•

Contexts (location,
weather, occupation)

•

•

No app or text
•
message
ActivPAL3 (activity tracker)

(Proof-of-concept
study) 50% of the
sample: more pronounced behavioral responses to
text messages on
weekends than
weekdays; 50%
had similar weekend or weekday
responses; 50% of
responders increased stepping
time in response to
“move more”
messages, and
50% increased
stepping time in
response to “sit
less” messages

•

No significant intervention effects
were found for the
Active2Gether-full
and Active2Gether-ight conditions
on levels of PA
compared with the
Fitbit condition:
larger effect size
for Active2Gether-ight (β=3.1,
95% CI −6.66 to
12.78, for minutes
of moderate-tovigorous PA;
β=5.2, 95% CI
−1334 to 1345, for
steps). Smaller effect size for Active2Gether-full
(β=1.2, 95% CI
−8.7 to 11.1, for
minutes of moderate-to-vigorous
PA; β=−389, 95%
CI −1750 to 972,
for steps)

Android app: Active2Gether
Fitbit One (for
self-monitoring
only), ActiGraph
wGT3XBT and
GT3X+ (activity
trackers)

Connected friends
(Facebook APIg), if 2
participants of the intervention are connected
Up to 3 messages a
day

Korinek et
al (2018)
[92] and
Freigoun et
al (2017)
[93]. More
information is
available in
Martin et al
(2018) [22]

https://www.jmir.org/2021/9/e26315
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N/A

•
•

Results

Android app: JustWalk
Fitbit Zip (activity
tracker)
Other: web-based
mobile questionnaire
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Author
(year)

Intervention

Control

Theoretical
premise
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Primary
outcome

Other outcomes

Technology feature

•

Daily step goal:
•

•

•

•

•

Results

Pseudorandomly
assigned daily
step goal (doable
[based on baseline median daily
step] and ambitious [ie, up to
2.5×baseline median])+ rewards
(points>Amazon
Gift Cards)
Six 16-day cyclesh (cycle 0
[baseline], cycles
1 to 5 [step goals
assigned])
Step goals
prompted every
morning+there
were daily,
weekly and
monthly surveys
Morning and
evening EMAi
assessed constructs including
(eg, confidence
in achieving the
goal, predicted
busyness for that
day, previous
night’s sleep
quality)
Factors considered: perceived
stress, perceived
busyness, weather information,
sleep quality

•

•

•

•

Rabbi et al
(2015) [94]

Nonpersonalized generic
recommendations

Learning theory, Fogg behavior model,
social cognitive theory,
and exploitexplore strate-

Adherence, N/A
acceptability, behavior change

•

Linear mixed effect model: each
individual walked
below 5000 steps
at baseline with
significant variation; mean intercept value 4863.3
steps (SD
1838.42),
t98=10.49; P<.001.
Daily steps increased by 2650
steps per day on
average from day
0 to day 16 (cycle
0 to cycle 1);
t98=6.54, P<.001.
Quadratic mixed
effect model: each
individual walked
roughly 5000 steps
at baseline with
significant variations; mean intercept value 5301.5
steps (SD
1862.04);
t98=11.29, P<.001.
Daily steps increased by 1500
steps per day on
average from cycle 0 to cycle 1
(1505 steps;
t=5.52, P<.001);
however, daily
steps decreased by
247.3 steps per
day on average
from day 0 to day
16 (cycle 0 to cycle 1); t98=-5.01,
P<.001
High adherence
was observed (only 10 days of having missing step
data; only 40 days
of nonwear; <500
step counts). Common problem:
sync lag with Fitbit

Android app: MyBehavior; other:
phone accelerometer and GPS

gyj
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Author
(year)

Intervention

Control

Theoretical
premise
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Primary
outcome

Other outcomes

Technology feature

•

Intervention participants more intended to follow personalized suggestions than control
(effect size=0.99,
95% CI 0 to
1.001; P<.001).
Most intervention
participants (78%)
had a positive
trend in walking
behavior (also increased daily
walking by 10
minutes during the
intervention),
whereas most control participants
(75%) showed a
negative trend.
The users found
MyBehavior app
suggestion very
actionable and
wanted to follow
them

Android app: My- •
BehaviorCBP;
other: phone accelerometer and
GPS

Intervention condition increased daily walking by 4.9
minutes (β=4.9;
P=.02) significantly. Exercise time
was increased
nonsignificantly
by 9.5 minutes
(β=9.5; P=.31).
MyBehaviorCBP
was opened 3.2
times a day (on
average). MyBehaviorCBP suggestions were perceived as low-burden (β=.42;
P<.001). Back
pain was reduced
in the intervention
condition, but not
significantly
(β=−.19; P=.24).
Participants suggested consideration of weather,
weekend or weekday, and level of
pain for future interventions

Daily personalized
context-sensitive suggestions (PA and stationery). Manual and
automatic logging to
track activity and user
location. Start of each
day: 10 in-app activity
suggestions (90%
users’ most frequent
activities [exploit];
10% from users’ infrequent activities [explore]). MyBehavior
app included both PA
and dietary interventions

Rabbi et al Context-sensitive sug- Static sugges(2018) [95] gestions (PA and sta- tions
tionery). Manual and
automatic logging to
track activity and user
location. In-app suggestions (80% users’
most frequent activities [exploit]; 20%
from users’ infrequent
activities [explore]);
total time for each selected activity must
not exceed 60 minutes. End of day reward score

Learning theo- Use, accept- Qualitative •
ry, Fogg beability, ear- feedback
havior model, ly efficacy
social cognitive theory
(self-efficacy)
and exploitexplore strate-

Zhou et al
(2018) [96]

Goal setting
Change in
and behavioral daily step
analytics algo-

Steady step
goals (10,000
per day)

gyj

rithmk
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•

Results

iOS app: CalFit;
other: built-in
health chip in the
iPhone
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Author
(year)

Intervention

Control

Theoretical
premise
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Primary
outcome

Daily step goals (realtime, automated adaptive). Push notifications via app. Daily
notifications at 8 AM.
If the goal was accomplished before 8 PM,
a congratulation notification was sent.

a

Other outcomes

Technology feature

Step goal
attainment,
weight,
height, barriers to being active
quiz,
IPAQl-short
form

Results
•

Mean daily step
count was decreased by 390
steps (SD 490) per
day in the intervention versus 1350
steps (SD 420) per
day in the control
from baseline to
10 weeks (net difference: 960 steps,
P=.03)

PA: physical activity.

b

MET: metabolic equivalents.

c

N/A: not applicable.

d

HR: heart rate.

e

SB: sedentary behavior.

f

TODAY: Tailored Daily Activity.

g

API: application programming interface.

h

Step goals did not increase between cycles.

i

EMA: ecological momentary assessment.

j

Grounded in artificial intelligence and a subcategory of a broader decision-making framework called multiarmed bandit, which stems from probability
theory.
k

Behavioral analytics algorithm uses machine learning to build a predictive model–based on historical and goal steps for a particular person and then
uses this estimation to generate challenging yet realistic and adaptive step goals based on a predictive model that would maximize the physical activity
in the future.
l

IPAQ: International Physical Activity Questionnaire.

Effectiveness of Interventions
Narrative Synthesis of Individual Studies
A total of 6 studies reported on the effectiveness of the
intervention [87,89,92,94-96]; the details are presented in Table
1. The intervention by Direito et al [87] increased the time spent
in light and moderate-to-vigorous intensity PA and total PA
time; however, only light-intensity PA achieved statistical
significance from pre- to postintervention assessments (adjusted
mean difference 2.2 minutes, SE of difference 1.0; 95% CI
0.78-3.56; P=.002). A small, but statistically nonsignificant,
decrease in SB was observed (adjusted mean difference −9.5
minutes, SE of difference 7.5; 95% CI 19.98-1.05; P=.08). The
Active2Gether
intervention
involved
3
arms
of
Active2Gether-full (tailored coaching messages, self-monitoring,
and social comparison), Active2Gether-light (self-monitoring
and social comparison), and Fitbit app control condition
(self-monitoring). The Active2Gether did not show an effect
on PA levels (average daily minutes of MVPA and step counts)
compared with the Fitbit app (β=1.2, 95% CI −8.7 to 11.1,
P=.81, for minutes of MVPA; β=−389, 95% CI −1750 to 972,
P=.57, for steps and β=3.1, 95% CI −6.66 to 12.78, P=.53, for
minutes of MVPA; β=5.2, 95% CI −1334 to 1345, P=.99, for
steps, for the full and light app, respectively). The JustWalk
intervention increased the average daily steps by 2650 steps in
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16 days (t98=6.54; P<.001). This effect decreased from day 16
to day 96 (average daily change −109.1 steps; t98=−1.42; P=.15),
suggesting acceptable maintenance. Users of the MyBehavior
app walked an average of 10 minutes per day more from the
first to the third week. There was no change in the control group
(between-group differences were statistically significant (t15=2.1;
P=.06; 95% CI −0.23 to 19.05; d=0.9). In the second study by
Rabbi et al [95], MyBehaviorCBP was associated with an
increased daily walking time of 4.9 minutes (β=4.9; P=.02; 95%
CI 0.8-0.89; d=0.31) among adults with chronic back pain.
Nonwalking exercise time also increased by 9.5 minutes, but it
was not statistically significant (β=9.5; P=.31; 95% CI −6.3 to
21.8; d=0.03). The Cal Fitness trial showed that the mean daily
step count decreased in the 10-week intervention for both the
intervention (mean −390, SD 490) and control group (mean
−1350, SD 420; net mean difference 960; 95% CI 90-1830;
P=.03). The Conroy et al [12] study was conducted to determine
proof-of-concept and did not report effectiveness data (for
descriptive results, see Table 2).

Effect Direction Plot
This study included 6 interventional studies. Figure 2 shows
the effect direction plot for the PA health outcome domain; 5
of 6 interventions reported a positive effect direction, with 1
study showing a negative effect on PA health. The P value for
the sign test for PA health was P=.21.

J Med Internet Res 2021 | vol. 23 | iss. 9 | e26315 | p.54
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Daryabeygi-Khotbehsara et al

Figure 2. Effect direction plot summarizing the direction of impact from smartphone-based physical activity interventions.

Risk of Bias Assessment of the Included Interventions
Judgments on the risk of bias for the 2 RCTs and 4
quasi-experimental studies are presented in Multimedia
Appendix 3 [12,87,89,92,94-96]. Overall, the included studies
were of relatively high quality. The 2 RCTs [94,96] were judged
to be low risk in all domains except one (ie, blinding of
participants and personnel). All included quasi-experimental
studies lacked a control group because of a pre-post [87,92,95]
or single-group intervention [12] design. These interventions
did not introduce additional risks to the remaining eight
domains.

Discussion
Principal Findings
This review aims to quantify the number of studies that have
integrated traditional psychological theories with dynamic
computational models in the development or evaluation of
smartphone interventions to reduce SB and promote PA.
Although we showed that a few studies—mainly pilot,
feasibility, and proof-of-concept—have taken an integrated
dynamic approach, there was no consensus on what dynamic
model–based approach should be used and how. Overall, it was
difficult to draw a conclusion on the effectiveness of the
included smartphone interventions; however, preliminary
findings on PA are promising, less so for SB. Moreover, an
effect direction plot was used to illustrate the direction of the
intervention effect on PA outcomes, regardless of their statistical
significance.
This review was driven in part by a paper by Riley et al [4] who
argued that to truly capture the benefits of smartphones to
deliver real-time and adaptive interventions, they need to adopt
principles from other disciplines, such as control systems
engineering, and integrate them with traditional health behavior
theories. In total, we found only 8 studies that had adopted this
notion, most of which used SCT for integration, with
considerable complexity in the approaches used, ranging from
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a basic use of behavioral analytic algorithms to a more
sophisticated approach using control systems.
Advancements in smartphone technology have enabled the
collection of intensive contextual and longitudinal (time-variant)
data, which facilitate the delivery of automated, real-time, and
adaptive behavior change interventions such as just-in-time
adaptive interventions. These features permit the testing of
specific intervention components (eg, behavioral messaging
comprising behavior change techniques). Control systems appear
to offer an excellent fit for the development of adaptive
smartphone interventions. It explores ways to influence a
dynamic system (eg, time-varying adaptive PA intervention)
and how to regulate it [11,12]. In other words, control systems
engineering provides a dynamic approach to designing tailored
interventions that adapt over time and are based on real-time
data (ie, intensive longitudinal data) [98]. Despite the variability
in the application of dynamic models outlined in this review,
existing evidence suggests that their integration with traditional
behavior change and psychological theories offer exciting
opportunities to better understand human behavior (eg, SB and
PA), identify patterns of behavior, and optimize individually
adapted behavior change interventions.
Few of the included studies evaluated the effectiveness of the
interventions, and small effects were observed on PA and SB.
Possible reasons for the small effect sizes may have included
inappropriate design (nonrandom allocation) [89], lack of
exposure to automated intervention because of technical
problems [89], use of nonpersonalized behavioral interventions
[94], lack of participant engagement with the intervention [87],
and insufficient inclusion of behavior change techniques [96].
Moreover, a binary sign test conducted in this review attempts
to provide additional information and contribute to transparency
in interpreting the effect direction. However, this should be
interpreted carefully, as the small number of studies may have
underpowered the test.
Most of the studies included in the review focused on PA,
whereas only a few targeted SB; none assessed standing as a
distinct outcome. Moreover, most smartphone-based SB and
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PA interventions used built-in smartphone accelerometers and
sensors as a tool to capture individual behaviors to inform
behavioral interventions (ie, step counts were used to help
participants set goals and monitor progress or provide activity
suggestions) [87,94-96].
The benefits of smartphone interventions include the ability to
collect and measure contextual factors (eg, location, weather,
and emotional or psychological states), which could be used to
personalize behavior interventions [99]. Existing research
evidence has shown that contextually aware reminders increase
the effectiveness of mHealth PA interventions [21,100].
Furthermore, leveraging contextual information in PA
interventions enables the triggering of more frequent reminders
without annoying the individual receiving the reminder, and
these types of interventions are considered more acceptable
[100]. Despite these proposed benefits, most of the included
studies lacked an assessment of contextual factors. A likely
reason for the lack of contextual factors in the reviewed studies
is the technical challenges, such as system requirements. For
example, high battery consumption and low localization speed
by a built-in smartphone GPS compromise mobile app
performance [101]. Another important reason might be the
privacy implications for smartphone users [102]. Privacy
breaches are most probable when context-sensitive information
such as location is monitored [103]. Moreover, people generally
refuse to be monitored for where they go or what they do [104].
A limitation of using native smartphone sensors is that they do
not provide research-grade precision for measuring PA and SB.
Commonly used accelerometers (eg, built-in smartphone
accelerometers and Actigraph GT3X) measure SB by focusing
on periods where the device records activity counts below a
certain cutoff point, such as less than 100 counts per minute
[105]. This leads to the miscategorization of SB [106]. Although
postural devices (inclinometers) such as activPAL have excellent
accuracy in measuring SB [107], they require proprietary
software (activPAL Professional Research Edition, PAL
Technologies) to process and collect the data and thus have low
utility for real-time interventions. Finally, as highlighted above,
none of the included studies assessed standing as an outcome,
despite 3 studies promoting standing in their intervention
messages [87,94,95]. This might be explained by the inability
to measure standing in real time for a dynamic intervention
purpose and limited evidence advocating standing as a distinct
activity that brings health benefits. However, short-term and
small-scale studies that support standing are emerging. In a
lab-based study, breaking up every 30 minutes of sitting by 5
minutes of standing was shown to reduce postprandial blood
glucose (34% reduction) compared with prolonged sitting in
postmenopausal women [108]. Moreover, an office-based study
has shown that an afternoon of standing reduced postprandial
glucose (43% reduction) compared with sitting while performing
computer work [109].
The included interventions comprised pre-post, RCT, and 3-arm
quasi-experimental designs. These commonly used experimental
designs are unable to assess rich context and time-intensive
data. For example, RCTs do not provide information on the
particular time when the intervention had an effect and the
moderators that affected the behavior change [110]. In fact,
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RCTs typically consider the overall impact of an intervention
package on behavior or health outcomes, not specific
components of that intervention. Other study designs, such as
factorial designs, are capable of investigating the effects of each
intervention component and the interactions between
components and the dosing of the intervention. However, they
are not sufficient to delineate when the intervention was most
effective and what moderators influenced the intervention [110].
A microrandomized trial may address these design limitations.
The microrandomized trial is a novel experimental design to
determine the optimal delivery of just-in-time adaptive
interventions [110]. A key advantage is that microrandomized
trials not only assess the effect of specific intervention
components but also changes in effects over time and
moderators, including contextual and psychological factors
[110]. Microrandomization can help elucidate potential causal
relationships between each randomized intervention feature and
proximal effects (what happens in a limited time window, for
example within 1 hour, following a randomized intervention)
and allow assessment of time-varying contextual and
psychological factors moderating those proximal effects [110].
Most of the included studies lacked comprehensive incorporation
and testing of behavior change techniques, although they were
theory-based. The precise specification of behavior change
techniques—which are active ingredients of behavior change
interventions and specification of intervention features of PA
(eg, mode of delivery and frequency)—help provide
accumulative evidence for effective and replicable interventions
[111]. Smartphone-based interventions undertaking dynamic
approaches with a proper experimental design (ie,
microrandomized), while testing various behavior change
techniques, are expected to provide more robust evidence than
traditional theory approaches.

Limitations and Strengths
A limitation of this review is the heterogeneity in the reported
effectiveness data that prevented a pooled meta-analysis. Other
limitations include the small sample size and short duration of
the included interventions and nonrandomized study designs.
Moreover, women exceeded men in most studies, and all studies
involved adult populations, which might limit the
generalizability of the findings. A key strength of this review
is that it focuses on the integration of dynamic models in
smartphone-based PA and SB studies, as such dynamic models
fit best with mobile technologies. Another strength is the use
of the effect direction plot to present the direction of the
effectiveness results. This methodology is superior to narrative
synthesis, as it helps with the overall interpretation of the
findings. Future studies, in the context of SB and PA behaviors,
are suggested to incorporate and assess the effect of relevant
environmental and internal contextual moderators, use
computational models, and investigate SB, in particular, as there
is a significant evidence gap.

Conclusions
In conclusion, despite the recommendation for integrating
dynamic models such as control systems to better harness the
potential of mobile technologies, this review showed that few
studies have actually adopted this approach to promote PA and
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reduce SB. To some extent, this research gap may be because
of the complex and multifaceted nature of dynamic models,

Daryabeygi-Khotbehsara et al
such as control systems, in integrating adaptive contexts and
real-time measurement of outcomes.
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Abstract
Background: Regular physical activity (PA) is crucial for well-being; however, healthy habits are difficult to create and maintain.
Interventions delivered via conversational agents (eg, chatbots or virtual agents) are a novel and potentially accessible way to
promote PA. Thus, it is important to understand the evolving landscape of research that uses conversational agents.
Objective: This mixed methods systematic review aims to summarize the usability and effectiveness of conversational agents
in promoting PA, describe common theories and intervention components used, and identify areas for further development.
Methods: We conducted a mixed methods systematic review. We searched seven electronic databases (PsycINFO, PubMed,
Embase, CINAHL, ACM Digital Library, Scopus, and Web of Science) for quantitative, qualitative, and mixed methods studies
that conveyed primary research on automated conversational agents designed to increase PA. The studies were independently
screened, and their methodological quality was assessed using the Mixed Methods Appraisal Tool by 2 reviewers. Data on
intervention impact and effectiveness, treatment characteristics, and challenges were extracted and analyzed using parallel-results
convergent synthesis and narrative summary.
Results: In total, 255 studies were identified, 7.8% (20) of which met our inclusion criteria. The methodological quality of the
studies was varied. Overall, conversational agents had moderate usability and feasibility. Those that were evaluated through
randomized controlled trials were found to be effective in promoting PA. Common challenges facing interventions were repetitive
program content, high attrition, technical issues, and safety and privacy concerns.
Conclusions: Conversational agents hold promise for PA interventions. However, there is a lack of rigorous research on long-term
intervention effectiveness and patient safety. Future interventions should be based on evidence-informed theories and treatment
approaches and should address users’ desires for program variety, natural language processing, delivery via mobile devices, and
safety and privacy concerns.
(J Med Internet Res 2021;23(9):e25486) doi:10.2196/25486
KEYWORDS
physical activity; health behavior; behavior change; conversational agent; virtual agent; chatbot; digital health; eHealth; mHealth;
mobile health; mobile phone
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Introduction
Background
Physical activity (PA) is crucial to health and well-being, and
regular exercise can reduce the risk of disease, improve mental
health, and boost quality of life [1]. In 2016, 28% of adults
globally did not meet the World Health Organization’s PA
guidelines for 150 minutes of aerobic activity per week [2].
Global PA levels have not improved since 2001, and the
prevalence of inactivity has steadily risen in high-income
countries [2]. Therefore, innovative interventions are required
to increase PA.
Recently, there has been an increase in digital health
interventions that promote healthy lifestyle changes through
technologies such as smartphone apps, web-based programs,
and text messages [3]. Some of these interventions are as
effective as in-person interventions at modifying behavior [4].
Programs may include virtual health coaching, workout or diet
plans, progress monitoring, and positive reinforcement for
healthy eating and PA. Tailored feedback based on individual
goals, habits, and circumstances can create a more personalized
experience for users. Furthermore, some digital platforms offer
users the option of pairing activity trackers such as pedometers,
accelerometers, and heart rate monitors to improve the accuracy
of data tracking and performance feedback.
In addition to their customizability, digital interventions allow
health programs to have a wide reach. In 2018, mobile phone
ownership rates ranged from 83% in emerging economies to
>90% in advanced economies worldwide [5]. Smartphone
ownership and internet use are nearly universal in most advanced
economies and continue to grow rapidly in emerging economies
[5]. With the advent of technology, demographic groups that
previously did not have access to health coaching because of
prohibitive costs can now access that support. Low-income
Hispanic adults and Black adults in the United States, in
particular, may benefit, as they have a significantly higher
prevalence of physical inactivity than non-Hispanic White adults
[6]. Smartphone ownership and use are more common in
Hispanic and Black households than in non-Hispanic White
households [7], making mobile platforms suitable for
disseminating health-related interventions to underserved
communities.
Digital interventions can take the form of a conversational agent,
also known as a chatbot or virtual agent. Conversational agents
are software programs that mimic written or spoken human
conversations. They come in many forms, from chatbots
engaging in written conversations to avatars simulating
face-to-face discussions through synthetic speech [8]. Depending
on their form, conversational agents may be deployed through
standalone computer software, messaging apps, web-based
platforms, mobile apps, and SMS text messaging or multimedia
messaging services (MMSs). Interacting with conversational
agents typically does not require much digital literacy beyond
chatting or typing.
Simple conversational agents operate according to expert
systems or rule-based systems, meaning they generate
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conversations based on questions and responses written by
program developers [9]. In such cases, users are often restricted
to selecting predefined answers. Conversational agents with
more advanced capabilities are programmed to conduct natural
language processing and integrate machine learning. Users are
free to enter any command, and conversational agents formulate
appropriate responses based on artificial intelligence algorithms.
Conversational agents have been increasingly used in the health
care sector to help patients achieve their health goals, owing to
their ability to provide interactive and personalized content [8].
Many of these conversational agents provide daily feedback,
encouragement, and adaptive goals based on objective data
received from fitness trackers. In contrast to in-person health
coaching, conversational agents can be accessed around the
clock for the duration of the intervention.
An example of a conversational agent that supports individuals
in reaching their health goals is Ally, a smartphone-based
chatbot that incorporates self-monitoring prompts, exercise
planning, and financial incentives (cash and donations to a
charity organization) to motivate users to walk more [10].
Another example, FitChat, uses goal setting, discussions of
barriers, and motivational messages to encourage older adults
to engage in aerobic activity and muscle-strengthening exercises
[11]. A third example, Laura, falls into the subset of
conversational agents termed relational agents [12-14].
Relational agents are computational artifacts, often with
humanlike appearance and speech, designed to establish
social-emotional relationships with users [12]. Relational agents
such as Laura use social dialog, empathy, humor, and
self-disclosure to keep users engaged over time and motivate
them to create and maintain exercise habits [12].

Rationale
Systematic and scoping reviews have been conducted on the
use of digital interventions to increase PA [15-18] and the use
of conversational agents in health care [8,19-21]. Previous
reviews have found that many digital interventions are not
theoretically based or evidence informed [4]. These interventions
may be limited in their impact, as they do not include established
constructs for behavior change. Although there is emerging
evidence that most behavior change interventions are suitable
for adaptation to a digital platform [22], few studies have
addressed how digital content is linked to empirically tested
frameworks and how program content and dialog flows are
translated from face-to-face to virtual delivery.
It is unknown whether previous findings extend to PA
conversational agents. To our knowledge, no systematic reviews
have focused exclusively on PA conversational agents and
analyzed their use of theories, treatment approaches, and
intervention components. Research in this domain may help
elucidate the successes and shortcomings of current
interventions, thus guiding the development of program content
and dialog flows that will have maximum impact on users.

Objectives
Our objective is to conduct a systematic review to (1) summarize
the usability and effectiveness of PA conversational agents; (2)
describe common theoretical frameworks, treatment approaches,
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and intervention techniques; and (3) identify areas for further
development.

Methods
Overview
We conducted a mixed methods systematic review following
the Preferred Reporting Items for Systematic Reviews and
Meta-Analyses guidelines [23] (Multimedia Appendix 1 [23]).
The protocol for this systematic review was registered on the
Open Science Framework registries [24].
We chose a mixed methods systematic review as conversational
agents are still relatively new. As such, there is a shortage of

Luo et al
randomized controlled trials (RCTs) investigating their efficacy
and effectiveness in the health care sector [8]. Many studies of
conversational agents include both quantitative data (eg, step
counts and participant ratings on Likert scales) and qualitative
data (eg, quotes from individual interviews or focus group
sessions); a mixed methods design produces a more
comprehensive overview of conversational agents than
synthesizing quantitative or qualitative data only.

Eligibility Criteria
The formulation of the eligibility criteria was based on the
PICOS (patient problem, intervention, comparison, outcomes,
and studies) framework (Textbox 1) [25].

Textbox 1. Inclusion and exclusion criteria using the PICOS (patient problem, intervention, comparison, outcomes, and studies) framework.
Inclusion criteria
•

Patient problem: studies that targeted physical activity in users

•

Intervention: interventions that involved an automated conversational agent

•

Comparison: another intervention type or delivery method (eg, face-to-face and app), treatment as usual, no treatment, or one group pre-post
comparison

•

Outcomes: reporting of intervention impact on participants or participants’ experiences with the conversational agent; some description of
theoretical basis, dialog flow development, or intervention components of the program

•

Study type: quantitative, qualitative, and mixed methods studies

Exclusion criteria
•

Patient problem: studies that did not target physical activity in users

•

Intervention: interventions that did not involve an automated conversational agent

•

Comparison: studies without a comparison condition were not excluded, provided they still included sufficient outcome data

•

Outcomes: no mention of intervention impact or participant experiences; no description of the applied intervention

•

Study type: literature reviews, conference abstracts, dissertations, protocol papers, and tutorials

The inclusion criteria for this review included primary literature
that involved an automated conversational agent. We focused
on studies describing existing conversational agents, as opposed
to studies exploring hypothetical uses of conversational agents,
in an attempt to present concrete findings with external validity.
We did not place any limitations on the conversational agent
type, delivery platform, dialog technique, or input and output
modalities. PA had to be one of the targets of the intervention.
No restrictions were imposed on the target population or setting.
Studies were excluded if there was no primary research
conducted or if the intervention did not use an automated
conversational agent to target PA. Studies were not excluded
for the lack of a comparison condition, provided they still
offered outcome data on intervention impact or participant
experiences and described the intervention in sufficient detail.
Protocol papers and tutorials on building conversational
interfaces were excluded as they did not provide any outcome
data.

Information Sources
We searched seven relevant electronic databases (PsycINFO,
PubMed, Embase, CINAHL, ACM Digital Library, Scopus,
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and Web of Science) from their inception through July 22, 2020.
We also reviewed the reference lists of relevant papers.

Search Strategy
We based our search strategy on a preliminary scan of the
literature on digital health interventions. We also consulted a
librarian at the University of California, Berkeley, to generate
search strings for selected databases, using Boolean operators
and thesaurus terms where applicable. We combined search
terms for two major topic areas: conversational agents and PA
(complete search strategy available in Multimedia Appendix
2).

Study Selection
One author conducted the initial search in each database and
imported all references into Covidence (Veritas Health
Innovation), a web-based software program that facilitates
collaboration among reviewers. Duplicate records were
identified and removed.
The titles and abstracts of all the citations were independently
screened by 2 authors for eligibility. Potentially relevant articles
were retrieved in full for review. Full-text studies that did not
meet the predefined eligibility criteria were excluded. Any
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discrepancies regarding the inclusion of an article were resolved
through discussion between the 2 reviewers. Cohen κ was
calculated to measure intercoder agreement.

Data Management and Collection
Data from the selected studies were charted in a spreadsheet
developed by the authors for this review (Multimedia Appendix
3). Data extraction was performed by one reviewer, with a
second reviewer cross-checking the data extraction table for
accuracy.

Data Items
Descriptive Data
The following descriptive data were extracted from each study:
authors, publication year, title, study design, targeted behaviors
(in addition to PA), population (eg, clinical vs nonclinical
samples), geographic focus, initial and final sample size,
conversational agent name, conversational agent type, delivery
method, delivery platform, conversational agent output modality,
user input modality, comparison conditions, control type, and
outcome measures. Data were also analyzed for the variables
given in the following sections.

Intervention Effectiveness and Impact
Evaluation measures for assessing changes in users’ activity
levels or motivation to exercise as a result of the intervention
included data derived from subjective measures (eg,
questionnaires and self-reports) and objective measures (eg,
pedometers).

Theory
Theories attempt to explain how and why a behavior occurs.
Theoretical frameworks may guide the design and selection of
the program content. In addition, the integration of theoretical
content may boost the effectiveness of behavior change
interventions [4]. Examples of established theories of PA
promotion that have guided some of the interventions discussed
in this review include behavior change theory, the habit
formation model, and the health action process approach.

Dialog Flow Development
Dialog flows for conversational agents are often adapted from
counseling techniques for a specific treatment approach, such
as motivational interviewing or cognitive behavioral therapy.
These approaches can help enhance motivation for behavior
change and identify barriers to PA.

Luo et al

Outcomes and Prioritization
The primary outcomes for which we collected data were (1)
usability and effectiveness of PA conversational agents; (2)
theories, intervention components, and cognitive and behavioral
constructs used to motivate individuals to engage in PA; and
(3) challenges and areas for improvement. Quantitative and
qualitative data were collected to assess the outcomes.

Appraisal of Studies
The methodological quality of the included studies was assessed
using the Mixed Methods Appraisal Tool (MMAT) [26]. The
MMAT is a valid, reliable, and efficient tool that allows the
simultaneous appraisal of qualitative, quantitative, and mixed
methods studies [27]. The methods section of each included
study was read by 2 reviewers independently, and each study
was categorized as qualitative research, RCT, nonrandomized
study, quantitative descriptive study, or mixed methods study.
Then, studies were rated based on their fulfillment of the MMAT
criteria in each of their respective categories. Examples of
methodological quality indicators include the appropriateness
of study design, choice of sampling strategy, adherence to data
collection methods, intervention integrity, and integration of
results. Any disagreements on ratings were resolved through
discussion between the 2 reviewers.
Assigning studies an overall numerical score based on the ratings
of each criterion is discouraged because a single number cannot
provide insight into which aspects of the study methodology
are problematic [26]. Instead, we classified studies as having
lower methodological quality when they met ≤60% of the
MMAT criteria and higher quality when they met >60% of the
criteria. In addition, we included a detailed overview of our
ratings of each criterion. All eligible studies were discussed in
this review regardless of their MMAT ratings, as it is
discouraged to exclude studies on the basis of low
methodological quality [28].

Data Synthesis
A meta-analysis was not conducted because of the heterogeneity
of study types and outcome data. Instead, data were analyzed
using parallel-results convergent synthesis, which allows
qualitative and quantitative evidence to be synthesized
concurrently, without data transformation [29]. Parallel-results
convergent synthesis is suitable for systematic reviews that pose
two or more complementary review questions [29]. Following
evidence synthesis, we presented a narrative summary of our
findings and made recommendations for future work.

Intervention Components
Conversational agents implement specific program elements to
help users overcome exercise barriers and increase their activity
levels. Examples include health education, self-monitoring, goal
setting, and exercise reminders.

Challenges and Areas for Improvement
Study limitations, ethical considerations, barriers to program
development or implementation, and key areas for improving
the conversational agent were noted.
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Results
Search Results
Our literature search retrieved 486 citations. After the removal
of duplicates, 255 studies remained. An additional 74.5%
(190/255) of studies were excluded after the title and abstract
screening. Of the 65 remaining studies, 20 (31%) were selected
for inclusion after full-text screening. Our review of the
reference lists of relevant papers did not yield any additional
records. The study selection process is illustrated in Figure 1.
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Excluded studies with reasons for exclusion are listed in
Multimedia Appendix 4.
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Interrater reliability was assessed at both screening stages. The
κ coefficients were 0.71 (moderate agreement) for the title and
abstract screening and 0.65 (moderate agreement) for the
full-text screening.

Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flow diagram.

Overview of Included Studies
We included 20 studies evaluating 17 unique conversational
agents in this review (Table 1) [12-14,30-46]. Out of the 20
studies, 10 (50%) were RCTs, 8 (40%) were quasi-experimental
studies, and 2 (10%) were qualitative studies. PA was the sole
target of intervention in half of the studies
[12,13,32,35,37,38,41,43,45,46]. In the other half of the studies,
PA was a primary target, but there were additional targets such
as diet [33,34,36,39,44], fruit and vegetable consumption
[30,31,40], medication adherence [14], mental well-being
[33,36], stress management [33,34,36,44], and sun protection
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[42]. A total of 60% (12/20) studies used subjective measures
to gauge intervention effectiveness and user satisfaction, and
the other 40% (8/20) studies relied on objective data from
pedometers or accelerometers.
The studies were conducted in 8 different countries. Studies
were primarily conducted in nonclinical populations (eg, healthy
adults and college students), with only 5 studies recruiting from
clinical settings (eg, clinics and hospitals) [12,14,32,36,45].
The sample size ranged from 4-958 participants (median 55;
mean 117, SD 206.3). Half of the studies were published in the
last 3 years (2017-2020 [33,34,36-42,46]), and the other half
were published between 2005 and 2014 [12-14,30-32,35,43-45].
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Table 1. Study characteristics.
Initial sample

Final sample

sizea, n

sizeb, n (%)

Geriatric ambulatory clinic pa- United States
tients

21

16 (76.2)

PA

Healthy adults

United States

101

91 (90.1)

Bickmore et al [31]

PA and fruit or vegetable consumption

Healthy adults

United States

122

113 (92.6)

Bickmore et al [32]

PA

Geriatric ambulatory clinic pa- United States
tients

263

250 (95.1)

Friederichs et al [35]

PA

Healthy adults

Netherlands

958

500 (52.2)

Gardiner et al [36]

PA, diet, mental well-being,
and stress

Primary care clinic patients

United States

61

57 (93.4)

Kramer et al [38]

PA

Insurees of an insurance compa- Switzerland
ny

274

274 (100)

Piao et al [41]

PA

Office employees

South Korea

121

106 (87.6)

Vainio et al [44]

PA, diet, and stress

Healthy adults

Finland

66

38 (57.6)

Watson et al [45]

PA

Hospital patients

United States

70

62 (88.6)

Bickmore et al [14]

PA and medication

Patients with schizophrenia

United States

20

16 (80)

Bickmore et al [30]

PA and fruit or vegetable consumption

Healthy adults

United States

8

8 (100)

Fadhil and AbuRa’ed
[33]

PA, diet, mental well-being,
and stress

Healthy adults

Iraq

43

43 (100)

Fadhil et al [34]

PA, diet, and stress

University students

Italy

22

19 (86.4)

Kocielnik et al [37]

PA

Healthy adults

United States

33

33 (100)

Maher et al [39]

PA and diet

Healthy adults

Australia

31

28 (90.3)

Olafsson et al [40]

PA and fruit or vegetable consumption

College students

United States

39

39 (100)

Zhou et al [46]

PA

Chinese adults living in the
United States

United States

49

49 (100)

Sillice et al [42]

PA and sun protection

Healthy adults

United States

34

34 (100)

Simila et al [43]

PA

Older adults in exercise groups Finland
or home care

4

4 (100)

Characteristics and study

Targeted behaviors

Population

Bickmore et al [12]

PAd

Bickmore et al [13]

Location

RCTc

Quasi-experimental

Qualitative

a

Number of participants who began the study.

b

Number of participants who completed the intervention.

c

RCT: randomized controlled trial.

d

PA: physical activity.

Results of Appraisal
Of the 20 included studies, 10 (50%) were categorized as
quantitative research (RCT or nonrandomized study), 8 (40%)
as mixed methods studies, and 2 (10%) as qualitative research.
Overall, the methodological quality of the 20 studies varied:
55% (11/20) of the studies met ≤60% of the criteria outlined by
the MMAT (lower methodological quality), and 45% (9/20) of
the studies met >60% of the criteria (higher methodological
quality). Reviewers’ ratings for each methodological quality
criterion are presented in Multimedia Appendix 5 [12-14,30-46].
https://www.jmir.org/2021/9/e25486
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Overview of Conversational Agents
The 20 included studies evaluated 17 unique conversational
agents (Table 2). A conversational agent, Laura, was used in
15% (3/20) of the studies [12-14], and another agent, Karen,
was used in 10% (2/20) of the studies [30,31]. Conversational
agents Steps to Health [32], Gabby [36], Emily [40], and
Elsie/Meimei [46] were designed with similar architectural
systems; however, they used distinct dialog flows tailored to
different populations (eg, older adults, racially diverse
city-dwelling women, and Chinese adults living in the United
J Med Internet Res 2021 | vol. 23 | iss. 9 | e25486 | p.69
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States), so they were categorized as unique agents. For example,
the conversational agent developed for racially diverse
city-dwelling women delivered culturally aware patient
strategies and health information and mentioned prayers and

spiritual traditions [36]. Similarly, the conversational agent
developed for Chinese adults emphasized values common to
the Chinese culture, including collectivism [46].

Table 2. Conversational agent characteristics.
Conversational agent or program Delivery method (comput- Delivery platform Conversational agent output
name
er or phone)
(speech or text)

User input (constrained or unconstrained)

ECAa
Laura or FitTrack [12-14]

Computer

Software

Speech

Constrained

Karen [30,31]

Computer

Software

Speech

Constrained

Steps to Health [32]

Computer

Software

Speech

Constrained

Gabby [36]

Computer

Web-based

Speech

Constrained

Emily [40]

Computer

Software

Speech

Constrained

Project RAISE [42]

Computer

Software

Speech

Not specified

Virtual Coach [45]

Computer

Software

Speech

Constrained

Elsie or Meimei [46]

Computer

Software

Speech

Constrained

Ollobot [33]

Both

Messaging app

Text

Unconstrained

CoachAI [34]

Both

Messaging app

Text

Unconstrained

Reflection Companion [37]

Phone

SMS or MMSb

Text

Unconstrained

Ally [38]

Phone

Mobile app

Text

Constrained

Paola or MedLiPal [39]

Both

Messaging app

Text

Unconstrained

Healthy Lifestyle Coaching Both
Chatbot [41]

Messaging app

Text

Unconstrained

Chatbot

Both

a

I Move [35]

Computer

Web-based

Text

Both

AmIE Project [43]

Computer

Software

Both

Constrained

Mindless Change [44]

Phone

Mobile app

Both

Constrained

ECA: embodied conversational agent.

b

MMS: multimedia messaging service.

Of the 17 conversational agents, 10 (59%) were computer-based
[12-14,30-32,35,36,40,42,43,45,46], 4 (24%) could be used on
computers or phones [33,34,39,41], and 3 (18%) were designed
for mobile devices only [37,38,44]. Conversational agents were
implemented
using
standalone
computer
software
[12-14,30-32,40,42,43,45,46], messaging apps [33,34,39,41],
web-based platforms [35,36], mobile apps [38,44], and SMS
text messaging or MMS [37].
In total, of the 17 agents, 8 (47%) were embodied conversational
agents (ECAs) with synthesized speech [12-14,30-32,
36,40,42,45,46], 6 (35%) were text-only chatbots
[33,34,37-39,41], and 3 (18%) had both an ECA and chatbot
option [35,43,44]. With all 17 conversational agents, participants
gave input by typing on a keyboard or selecting answer options
with a mouse, touchpad, or touchscreen; 59% (10/17) of the
conversational agents limited users to constrained input,
whereby users selected answers from a multiple-choice list of
options, and conversational agents responded according to
predefined templates [12-14,30-32,36,38,40,43-46]. Only 29%
https://www.jmir.org/2021/9/e25486
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(5/17) of the conversational agents accepted free-text responses
and used machine learning and natural language processing to
understand users’ input and generate replies [33,34,37,39,41],
and 6% (1/17) of the conversational agents accepted free-text
responses and multiple-choice answers [35]. The remaining 6%
(1/17) conversational agents did not specify what user inputs
were accepted [42].

Intervention Effectiveness and Impact
RCTs
Of the 10 RCTs, 6 (60%) found that participants in the
conversational agent group outperformed participants in the
control group on various PA measures. Intervention groups
increased daily walking more quickly [31], achieved >30
minutes of exercise or 10,000 steps per day more times per week
[13], significantly increased step count during the study period
[12,32], significantly increased self-reported PA at 1 month
[35], and maintained step counts throughout time [45]. Only
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10% (1/10) RCTs did not find significant differences in activity
levels between the intervention and control groups [36].
The remaining 30% (3/10) of RCTs used conversational agents
in both experimental and control groups but varied the
conversational agent conditions (eg, cash incentives vs charity
incentives vs no incentives [38], rewards vs no rewards [41],
and ECA vs text-only chatbot [44]). In 67% (2/3) of these
studies, interacting with a conversational agent significantly
increased step counts and self-reported activity across all
conditions; however, including financial incentives and rewards
further boosted activity levels [38,41]. The last RCT determined
that conversational agents were useful but limited by low
adherence [44].

Quasi-Experimental Studies
Of the 8 quasi-experimental studies, 6 (75%) used
within-subjects pre-post designs [14,30,33,34,37,39] and 2
(25%) included comparator groups [40,46] (Multimedia
Appendix 6 [12-14,30-46]). Of the 8 quasi-experimental studies,
3 (38%) measured changes in activity level as a result of
interacting with a conversational agent [14,34,39]; 2 found
positive impacts in the form of increased enjoyment during
walking [14], higher frequency of step-goal achievement [14],
and increased weekly exercise time [39], and 1 did not find any
differences in activity levels [34].
An additional 38% (3/8) of the quasi-experimental studies
measured participants’ attitudes toward exercise before and
after the intervention [37,40,46]. Conversational agents
successfully triggered reflection on new exercise routines [37],
increased participants’ self-efficacy and motivation to exercise
for at least 30 minutes every day [40] and persuaded participants
to start regular exercise [46].
The remaining 25% (2/8) of the quasi-experimental studies
discussed users’ preliminary experiences with conversational
agents [30,33]. Overall, these conversational agents had
moderately high usability and feasibility. Participants perceived
them to be satisfactory [30,33], trustworthy [30], empathetic
[30], useful [33], and easy to use [33].
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Qualitative Studies
Of the 20 included studies, only 2 (10%) were qualitative studies
[42,43]. In one study, most participants had positive, satisfying
interactions with the relational agent and found the agent
humanlike, caring, and supportive [42]. About half of the
participants viewed the relational agent as informative and felt
motivated to maintain regular exercise. Another qualitative
study compared two different PA conversational agents: a
text-based chatbot and an ECA [43]. Participants had positive
experiences with both systems and felt that conversational agents
could provide motivation and serve as information channels.

ECAs Versus Chatbots
ECAs and text-only chatbots performed similarly, with 88%
(7/8) of the ECAs and 83% (5/6) of the chatbots positively
affecting participants’ PA levels, motivation to exercise, or
perceptions of conversational agents. Of all 20 studies, 3 (15%)
directly compared ECAs with chatbots; one study found that
both were equally effective at building social relationships and
increasing PA [35], one study suggested that ECAs could
provide a slightly more engaging user experience than chatbots
[42], and the remaining study described the benefits and
drawbacks of each conversational agent [43].

Intervention Characteristics
Theory
Of the 20 studies, 11 (55%) cited a theory that guided their
intervention development (Table 3). Of these 11 studies, 6 (55%)
designed the intervention and selected program elements
according to the referenced theories [37,38,40,41,44,46], and
5 (45%) mentioned a theory as their overarching framework
but did not explicitly link intervention components with
corresponding theoretical constructs [13,30,31,34,42].
The used theories could be broadly categorized into learning
theories, which describe how people receive and process
knowledge, and behavior change theories, which explain how
behaviors develop and shift throughout time. Four interventions
were based on a combination of theories [30,31,40,44], and 1
intervention used the Hofstede cultural dimensions theory to
develop culturally appropriate dialog for an American and a
Chinese conversational agent [46].
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Table 3. Distribution of theories.
Theoretical model or framework

Study

Learning theories
Learning theory (broad) [47]

Kocielnick et al [37]

Social learning theory [48]

Bickmore et al [13]

Social cognitive theory [49]

Bickmore et al [30,31]

Constructivist learning theory [47]

Vainio et al [44]

Cognitive dissonance theory [50]

Olafsson et al [40]

Behavior change theories
Behavior change theory (broad) [51]

Bickmore et al [31], Kramer et al [38]

Habit formation model [52]

Piao et al [41], Vainio et al [44]

Health action process approach [53]

Fadhil et al [34]

Transtheoretical model [54]

Bickmore et al [30,31], Olafsson et al [40], Sillice et al [42]

Other
Hofstede’s cultural dimensions theory [55]

Dialog Flow Development
Of the 20 studies, 9 (45%) discussed the use of one or more
treatment approaches to guide the development of dialog flows
for conversational agents. The most commonly used approach
was motivational interviewing [30,31,35-37,40], followed by
cognitive behavioral therapy [13,33,34,45] and behavioral
therapy [13,45].
Of the 9 studies, 4 (44%) described how dialog flows were
adapted from face-to-face counseling and prepared for virtual
delivery. Techniques included using transcripts from videotaped
counseling sessions as a basis for the conversational structure
[30,40], using a dialog interpreter to convert statements from
counseling sessions into interactive virtual conversations [31],
and developing scripts through literature reviews and
consultations with physicians, computer scientists, and exercise
trainers [45]. The remaining 56% (5/9) studies did not explain
how dialog flows for conversational agents were written.

Intervention Components
The most common program components were health education,
motivational messages, problem-solving barriers to exercise,
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goal setting, self-monitoring, and exercise tips (Table 4).
Additional components included reminders, homework, workout
planning, incentives, and reflection.
Participants found health education helpful [36,42], as it allowed
them to learn new ways of increasing PA [40]. They also
enjoyed receiving tips for new exercise routines [40] and
periodic exercise reminders [31,42]. Positive feedback motivated
participants [37], built rapport [42], and increased agent
likeability [31]. Participants appreciated progress tracking
features [34] and visual step charts [31,32]. Conversational
agents helped participants formulate concrete goals, action plans,
and overcome obstacles [37]. However, participants mentioned
that they would have liked to talk more about how their health
problems affected their ability to exercise [12]. Change talk and
reflection helped participants increase their commitment to
positive health behaviors [37,40]. Finally, rewards were
implemented with moderate success, with one study finding
that daily cash incentives increased step-goal achievement by
8.1% [38] and another study finding that intrinsic rewards
improved habit formation and enhanced intervention
sustainability [41].
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Table 4. Distribution of intervention components.
Study

Goal
Positive rein- Self-monisetting forcement
toring

Education

Tips

✓

Bickmore et al [12] ✓a

✓

✓

✓

✓

Bickmore et al [13] ✓

✓

✓

✓

✓

Bickmore et al [14] ✓

✓

✓

✓

✓

✓

Bickmore et al [30] ✓

✓

✓

✓

✓

✓

✓

Bickmore et al [31] ✓

✓

✓

✓

Fadhil and AbuRa’ed [33]

✓

✓

✓

✓

Fadhil et al [34]

✓

✓

✓

✓

Friederichs et al
[35]

✓

✓
✓

✓

✓

Kocielnick et al
[37]

✓

✓

✓

Kramer et al [38]

✓

✓

✓

Maher et al [39]

✓

✓

✓

✓

Piao et al [41]

✓

Homework

WorkReout plan- wards
ning

✓

✓

✓

✓

✓

✓

✓

✓

✓
✓

✓

✓

✓

✓
✓

✓

✓

✓

Sillice et al [42]

✓

✓

Simila et al [43]

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

Vainio et al [44]

✓

✓

✓

Watson et al [45]

✓

✓

✓

Zhou et al [46]

Change talk or
reflection (motivational interviewing)

✓

✓

Gardiner et al [36] ✓

Reminders

✓

Bickmore et al [32] ✓

Olafsson et al [40]

a

Problemsolving
barriers

✓

✓

✓
✓

✓
✓

✓

✓

Intervention component present.

Challenges and Areas for Improvement
Conversational Agent Constraints
The most common challenges were related to the capabilities
of conversational agents. In 59% (10/17) of the conversational
agents, users were required to respond via multiple-choice
answers. This format limited user freedom [12,13] and lacked
the personalization necessary to address more complex issues
[14]. Although researchers acknowledged the need for more
sophisticated dialog systems, they were concerned about the
difficulty of implementing machine learning and the increased
chance of misunderstanding users’ intents [13].
Another area for improvement was communication modality.
None of the conversational agents were built to accept spoken
input. Participants were required to type out their answers or
select answers using a mouse, touchpad, or touchscreen. In one
study, participants universally stated that they would have
preferred speaking to the conversational agent [12].
Studies have presented mixed findings on the value of ECAs
with synthesized speech. According to qualitative data, talking
ECAs seemed more versatile than text-only chatbots [43] and
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provided a closer approximation of face-to-face conversations
with health care providers [32]. However, 45% (5/11) ECAs
were criticized by participants for their robotic voices, slow
pace, unnatural movements, and limited relational skills
[35,36,40,42,46].

Program Delivery
Participants encountered more issues with computer-based than
with phone-based conversational agents. Some participants had
limited access to computers, limited time to sit in front of
computers [36], or difficulties installing software and entering
information [12]. Internet access was also an issue, with network
breaks preventing participants from starting apps, synchronizing
devices and databases, and connecting fitness trackers [43].
Many participants across studies felt that having the
conversational agent on their phone would be more convenient
and accessible, allowing them to complete the program “on the
go” [32,36,42].
Mobile interventions were well-liked, particularly those that
used familiar messaging apps, as they did not require
participants to download and learn to use additional applications
[41]. However, some participants had minimal smartphone skills
J Med Internet Res 2021 | vol. 23 | iss. 9 | e25486 | p.73
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
and did not know how to send text messages, thus limiting their
engagement with the intervention [39]. In addition, one mobile
app suffered from poor usability because of slow performance
on older smartphones [44].

Program Content
Of the 20 studies, 7 (35%) studies mentioned the repetitiveness
of program content as a key area for improvement
[12,13,30,31,37,42,43]. This included dialog flows that were
often repeated, leading to lower satisfaction [30] and increased
boredom [37,43]. Participants desired more personalized
responses and suggestions based on their health information,
preferences, and PA history [37,40]. Owing to repetitiveness,
participants felt that continued use would not lead to any
additional impact [42].
User engagement waned throughout time [45], and high attrition
rates limited the efficacy of the interventions. In one study,
participants responded to 50% of the self-monitoring prompts
and completed only a few exercise and coping plans, explaining
that weekly planning was too difficult and time-consuming [38].
In another study, participants found the conversational agent
engaging, but without external support, almost half of them
discontinued the use of the service [44]. Participants who lapsed
for a short period were more likely to quit the program [41].

Ethical Issues
Many relational agents relied on social dialog, humor, empathic
statements, and personal stories to build rapport with users
[14,31,32,42,46]. The use of these techniques may have
increased the potential for misperceptions and false illusions,
as virtual agents do not have emotions or personal histories.
Humans tend to anthropomorphize advanced technology [13],
and conversational agents may have deceived some users into
thinking they were interacting with a human. One study pointed
out that patients with schizophrenia who are experiencing a
psychotic episode could be more likely to confuse relational
agents with real people, develop parasocial relationships with
relational agents, or become paranoid that relational agents or
their programmers are monitoring their behavior [14].
Researchers attempted to address this matter by having the
relational agent periodically remind users that it was “just a
computer character with limited capabilities” [14].

Standards of Care
Of the 20 studies, only 1 (5%) compared the quality of care
between a human and a conversational agent. This study found
that a human agent was often more motivating, engaging, and
supportive than a virtual agent [34].
Most studies did not address privacy features or data storage
and access procedures despite participants expressing concerns
that conversational agents could collect and share their personal
information [12,14]. One study discussed security measures,
such as requiring usernames and passwords and automatically
logging users out after a period of inactivity [36]. Another study
described weekly backup procedures to mitigate the possibility
of data loss due to system crashes or computer theft [12].
Finally, 10% (2/20) of studies discussed user safety issues. One
conversational agent provided videos demonstrating exercises
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that a participant with arthritis could not safely perform without
the help of an elastic band [43]. Another study discussed the
necessity of improving automated dialog flows because of
conversational agents’ inadequate responses to safety concerns
mentioned in users’ free-text answers [40].

Discussion
Principal Findings
This literature review charted data from 20 studies that evaluated
17 PA conversational agents. Overall, conversational agent
interventions were feasible and promising for increasing PA.
Of the 10 RCTs, 6 (60%) found that participants assigned to
the conversational agent group outperformed participants in the
control group on PA measures, such as step counts and exercise
frequency and duration. Conversational agents had moderate
usability and acceptability, as measured by subjective data in
the form of questionnaires, interviews, activity logs, and diaries.
The interventions were generally found to be useful, easy to
use, and satisfactory to participants; however, they faced some
implementation challenges, including high attrition, technical
issues, limited options for user input, and privacy and security
risks. Methodological quality varied across studies, and few
studies adequately addressed issues of user engagement, safety,
and ethics.

Comparison With Prior Work
To the best of our knowledge, this is the first systematic review
to evaluate PA conversational agents. Previous reviews have
reported on the effectiveness of digital interventions for
increasing PA [15-18]. Our results are consistent with their
findings that digital interventions have a modest effect on
activity levels, particularly in the short term; however, user
engagement tends to decline over time [16-18]. Our findings
are also in line with other reviews’ evaluations of health care
conversational agents, which show that natural language
processing and machine learning are underused, high-quality
evidence and attention to patient safety are lacking, and study
methods and evaluation measures are often inconsistently
reported [8,20,21].

Recommendations
On the basis of the findings of this review, we propose several
recommendations for the future design and implementation of
PA conversational agents.

Program Content
Participant feedback indicated that many intervention programs
lost their novelty over time, resulting in decreased user
engagement. More diverse program content is required to
maintain long-term user satisfaction. A way to reduce
repetitiveness is through just-in-time adaptive interventions
(JITAIs), which provide dynamically tailored support when
users need it while minimizing user burden [10]. JITAIs can
inform participants when they have been sedentary for long
periods or when they are behind on their step goals. In addition,
JITAIs can offer exercise suggestions based on weather
conditions, time of day, and users’ physical surroundings. JITAIs
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for conversational agents are currently being explored and
developed through microrandomized trials [10].
Another way to improve the sustainability of interventions is
to base their programming on relevant behavior change theories
and evidence-based treatment approaches. Behavior change
theories may help identify intervention techniques that tap into
users’ motivations and result in increased engagement. Similarly,
dialog flows based on treatment approaches, such as
motivational interviewing and cognitive behavioral therapy,
can help users explore and resolve barriers to PA. Owing to the
heterogeneity of the studies, we were unable to determine if the
inclusion of a theoretical framework or treatment approach
increased intervention effectiveness in this review. Future work
should assess this as the number of studies increases.
Programming conversational agents to send periodic tips and
exercise reminders may help decrease the high attrition rates
reported in a few studies [38,41,44,45]. In addition, as many
PA interventions are self-guided, encouraging users to share
goals and progress with their social circles may increase
accountability.

Conversational Agent Delivery
Computer-based ECAs were the most common agents used;
however, qualitative interviews revealed that participants desired
mobile delivery platforms. Phone ownership rates are higher
than computer ownership rates [7]; thus, conversational agents
operating via SMS or MMS text messaging may increase
scalability. They are also appropriate for those with low digital
literacy. For computer-based agents, web-based platforms and
familiar messaging apps that do not need to be installed or
regularly updated may be more accessible than standalone
software.
ECAs have the potential to improve human-computer
interactions; however, they are commonly criticized as robotic
and unnatural. ECAs can be improved by replacing synthesized
speech with human voice, giving users control over pacing of
messages, and designing higher-quality animation. Automatic
speech recognition is highly desirable, particularly among
populations with low vision or difficulty typing. In addition,
although artificially intelligent conversational agents may take
more time to develop, they afford users more freedom and
personalized content to sustain engagement and maximize
treatment efficacy.

Safety and Ethics
Most conversational agent programs were designed for healthy
and able-bodied adults; however, programs should also be
equipped with education and exercise tips for users of different
age groups and users with physical limitations. Conversational
agents should offer suggestions for exercise-related injuries or
pain, such as performing pre- and postworkout stretches,
modifying activities, and consulting with health care providers.
Users may mention mental health conditions such as depression
or anxiety that prevent them from exercising. Thus, researchers
should consider incorporating dialog flows that refer users to
mental health resources and crisis hotlines. If interventions are
designed specifically for clinical populations, additional safety
features may be necessary, such as periodic check-ins with a
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human advisor. Furthermore, for individuals with severe mental
illnesses, such as psychosis, additional consideration may be
warranted, including ensuring agents are not too
anthropomorphic.
Users often share sensitive health information with
conversational agents. However, only a few studies have
discussed privacy and security issues. User privacy should be
protected through measures such as requiring logins and
passwords for apps and software, deidentifying user data, and
archiving past conversations.
Finally, efforts must be made to uphold the quality of digital
interventions. There are currently no regulations regarding the
standards of care for conversational agents. Similar to health
interventions provided by human coaches, conversational agent
programs should be based on a relevant theory and treatment
approach to ensure that they are grounded in evidence-based
practice.

Limitations
The findings of this review must be considered in the context
of a few limitations. First, we may have missed relevant studies
in additional databases despite our search strategy being fairly
broad. In particular, we lacked quantitative descriptive studies
and qualitative studies without comparison conditions, which
could suggest that our PICOS criteria were better suited for
effectiveness studies that included comparison conditions.
Although we aimed to include usability studies without
comparison conditions, we had to exclude many such studies
because of insufficient data on study participants’ experiences,
the intervention’s impact on activity levels, or the intervention’s
theoretical mechanisms of change.
Second, because of the heterogeneity of study designs and
outcome data, we could not conduct a meta-analysis or directly
compare different interventions. We synthesized the main
findings from the existing literature; however, without effect
sizes, it was difficult to draw definitive conclusions about
intervention effectiveness. This field of research would benefit
from more longitudinal RCTs that evaluate the long-term
sustainability of conversational agents.
Third, we appraised the methodological quality of the included
studies following the appropriate method-related standards using
the MMAT, one of the few tools designed specifically for mixed
methods reviews. However, the MMAT is not designed to grade
the level of evidence or the risk of bias in effectiveness studies.
We chose not to apply an ad hoc tool to appraise the risk of bias
of effectiveness studies because only half of the included studies
were RCTs that reported on treatment effectiveness. To date,
there is no single, unified approach for assessing confidence in
findings generated from combined quantitative and qualitative
evidence [56]. More research is needed on best practices for
critically appraising included studies in mixed methods reviews.
Fourth, we refrained from analyzing the more technical aspects
of conversational agents (eg, programming and interfaces),
choosing instead to focus on intervention components and
guiding frameworks. Additional questions regarding technical
design should be studied in systematic reviews to maximize the
user-friendliness of conversational agents.
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Fifth, intervention techniques were difficult to identify, as some
studies embedded them within figures rather than discussing
them descriptively, and there was no uniform language across
studies regarding techniques.
Finally, more than half of the included studies focused
exclusively on healthy adults, thus limiting the generalizability
of their results. As conversational agents are often designed for
a broad audience, future studies should also consider sampling
from youth and clinical populations (eg, individuals with mental
illness or pre-existing health conditions).

Conclusions
On the basis of current evidence, conversational agents appear
to be a feasible and effective modality for delivering PA
interventions. However, more research comparing conversational
agents with other forms of interventions, including
human-delivered interventions, is required. Most conversational

Luo et al
agents reviewed were computer-based and constrained users to
written, predefined inputs. Future conversational agents should
consider accessibility and inclusive design and consider
supporting automatic speech recognition, natural language
processing, and mobile phone platforms. In addition, program
content should be further personalized and diversified by using
relevant evidence-based frameworks and their accompanying
behavior change methods. Researchers should provide a clear
overview of how they select intervention components and how
these components affect health behavior. This can lead to a
deeper understanding of the mechanisms of change in
interventions, and consequently, increase the effectiveness of
these interventions. Personalization of program content may
also lead to higher user satisfaction and engagement while
supporting user choice and agency. Finally, in addition to user
experiences, safety, privacy, and ethical concerns should be
prioritized in the design of PA conversational agents.
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Abstract
Background: Digital clinical measures collected via various digital sensing technologies such as smartphones, smartwatches,
wearables, ingestibles, and implantables are increasingly used by individuals and clinicians to capture health outcomes or behavioral
and physiological characteristics of individuals. Although academia is taking an active role in evaluating digital sensing products,
academic contributions to advancing the safe, effective, ethical, and equitable use of digital clinical measures are poorly
characterized.
Objective: We performed a systematic review to characterize the nature of academic research on digital clinical measures and
to compare and contrast the types of sensors used and the sources of funding support for specific subareas of this research.
Methods: We conducted a PubMed search using a range of search terms to retrieve peer-reviewed articles reporting US-led
academic research on digital clinical measures between January 2019 and February 2021. We screened each publication against
specific inclusion and exclusion criteria. We then identified and categorized research studies based on the types of academic
research, sensors used, and funding sources. Finally, we compared and contrasted the funding support for these specific subareas
of research and sensor types.
Results: The search retrieved 4240 articles of interest. Following the screening, 295 articles remained for data extraction and
categorization. The top five research subareas included operations research (research analysis; n=225, 76%), analytical validation
(n=173, 59%), usability and utility (data visualization; n=123, 42%), verification (n=93, 32%), and clinical validation (n=83,
28%). The three most underrepresented areas of research into digital clinical measures were ethics (n=0, 0%), security (n=1,
0.5%), and data rights and governance (n=1, 0.5%). Movement and activity trackers were the most commonly studied sensor
type, and physiological (mechanical) sensors were the least frequently studied. We found that government agencies are providing
the most funding for research on digital clinical measures (n=192, 65%), followed by independent foundations (n=109, 37%) and
industries (n=56, 19%), with the remaining 12% (n=36) of these studies completely unfunded.
Conclusions: Specific subareas of academic research related to digital clinical measures are not keeping pace with the rapid
expansion and adoption of digital sensing products. An integrated and coordinated effort is required across academia, academic
partners, and academic funders to establish the field of digital clinical measures as an evidence-based field worthy of our trust.
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Introduction
Digital clinical measures are health outcomes or physiological
characteristics of an individual’s health, wellness, or condition
that are collected digitally with a sensor [1]. Digital sensing
products enable rapid assessment of health outcomes and support
remote and longitudinal monitoring of patients with chronic
diseases under daily living conditions [2-5]. During the
COVID-19 pandemic, the utility of digital sensor technologies
in clinical research [6], clinical care [7], and public health [8,9]
have become even more apparent.
In recent years, digital clinical measures have drawn substantial
interest from industry, government agencies, academia, and
nonprofit institutions, as digital sensing tools, including
consumer products and medical devices, are becoming
increasingly popular. Consumer products such as smartwatches
and smartphones have become part of daily life for many
Americans. These have emerged as popular and multipurpose
real-time physiological monitoring products capable of
measuring sleep and stress in addition to the more traditional
actigraphy and heart rate monitoring. In 2020, 26% of
Americans owned a smartwatch [10] and 72% of Americans
owned a smartphone [11], with annual sales of over US $70
billion [12]. Apart from consumer products, digital sensing
products have demonstrated their efficacy as medical devices,
both in clinical and remote home monitoring settings to
continuously assess vital signs [13], pulmonary congestion in
patients with heart failure [14,15], blood and interstitial glucose
in patients with diabetes [3], and more.
To support the development and assessment of digital consumer
products and medical devices, the volume of academic research
has increased across the total product life cycle of digital clinical
measures [16]. However, academic contributions to advancing
the safe, effective, ethical, and equitable use of digital clinical
measures are poorly characterized and, we hypothesize,

underfunded. Trust in digital clinical measures is limited, and
engaging the academic community is essential to ensure that
the field evolves to be worthy of public trust.
For these reasons, a multi-stakeholder group of experts
collaborating on The Playbook [1], a precompetitive
collaborative of experts in digital health convened by the Digital
Medicine Society (DiMe), set out to investigate the nature of
academic research related to digital clinical measures. DiMe is
a nonprofit professional society dedicated to advancing digital
medicine to optimize health [17]. In this systematic review, we
explore the representation of subtypes of academic research on
digital clinical measures and compare and contrast the funding
support for these subareas of research. This systematic review
aims to describe the nature of academic research into digital
clinical measures, identify areas of focus and gaps, and explore
how and whether funding plays a role. With these findings, we
hope to establish an integrated and coordinated effort across
academia, academic partners, and academic funders to ensure
that the expertise within the field is harnessed to ensure that the
rapidly expanding domain of digital clinical measures is
established as an evidence-based field worthy of our trust.

Methods
Screening
We conducted a systematic search of peer-reviewed literature
indexed in PubMed and published between January 1, 2019,
and February 24, 2021. For the purposes of this review, we did
not restrict the scope of our search to any single digital clinical
measure or area of academic research. A multi-stakeholder team
of clinical, academic, technical, and operational experts
developed the search terms (Multimedia Appendix 1), inclusion
criteria (Textbox 1), and selection of data to be extracted from
the final publications (Table 1). A biomedical librarian supported
the development of the search terms.

Textbox 1. Inclusion criteria adopted to enable the identification of clearly defined academic research related to digital clinical measures.
Research lead
US-led research (ie, ≥50% US-based authors)
Academic research
Academic research with at least one US-based academic researcher (industry-only research articles were excluded)
Article types
Peer-reviewed journals and full-length conference articles (systematic reviews, meta-analyses, editorials, opinion pieces, case reports, and case studies
were excluded)
Sensing modality
All portable biometric monitoring technologies (BioMeTs) that rely upon a biometric sensor, such as microphones and accelerometers [16]. BioMeTs
are connected digital medicine products that process data captured by mobile sensors using algorithms to generate measures of behavioral or physiological
function. (Note: smartphone apps are excluded if they do not rely upon a biometric sensor.)
Publication date
Papers published between January 1, 2019, and February 24, 2021
https://www.jmir.org/2021/9/e29875
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Table 1. Data fields extracted from identified academic research.
Field

Definition

Allowed values

Title

N/Aa

Free text

Authors

Last name, first name

Free text

Author affiliation

N/A

Free text

Journal

Name

Free text

Year

N/A

2019, 2020, 2021

DOI

Digital object identifier: a unique alphanumeric string used to
Free text
identify content and provide a persistent link to the manuscript’s
online location.

Nature of academic
research

Academic research measured here by the publication of peer-reviewed journals and full-length conference articles by study teams
that include researchers from either a university or academic institute and society or nonprofit foundation.

Verification, analytical validation, measure identification,
clinical validation, security, ethics, data rights and governance, usability and utility (human factors/behavioral economics), standards, usability and utility (data visualization),
economic feasibility, operations (care), operations (research
design), operations (research analysis), and operations (data)

Digital clinical mea- Health outcomes or physiological characteristics of an individu- Biochemical, movement and activity, physiological (electrisure
al’s health, wellness, or condition that are collected digitally with cal, mechanical, optics and imaging)
a sensor [1]
Funding sources
a

Funding information

Government, industry, independent foundation, and unfunded

N/A: not applicable.

Following the PubMed search, we conducted a multistep review
process to screen articles for inclusion following the PRISMA
(Preferred Reporting Items for Systematic Reviews and
Meta-Analyses) guidelines [18]. First, we used natural language
processing (ie, a custom built Python script; provided in
Multimedia Appendix 2 and available on the digital biomarker
discovery pipeline [19]) to select papers based on the “Research
Lead” and “Academic Research” criteria (Textbox 1). We also
excluded articles with “Review” in the title in this step. Second,
two of our three trained analysts (authors MMHS, KR, and AB)
independently reviewed each publication title against the
inclusion criteria. Third, each remaining abstract was reviewed
by two of the three analysts (MMHS, KR, and AB) to determine
whether the article met our inclusion criteria (Textbox 1). When
there was disagreement between two reviewers during either
the title or abstract review phase, the decision whether to
advance a publication was resolved by the third analyst. Finally,
two of three analysts (MMHS, KR, and AB) reviewed the full
text of each of the publications that passed the abstract screening
stage, with the involvement of a third analyst to settle interrater
disagreements (approximately 15% of papers reviewed), to
establish the final list of publications for inclusion. The list of
articles excluded from the full-text screening process is given
in Multimedia Appendix 3.
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Data Extraction and Categorization
Following the screening phase, seven analysts (authors MMHS,
KR, AB, AVK, AF, YJ, and WKW) extracted data from the
articles included in the data extraction phase and categorized
each publication as described in Table 1. The articles were
categorized according to the following three criteria: nature of
academic research, category of digital clinical measures, and
source of funding.
The categories to subgroup the “nature of academic research”
included verification, analytical validation, measure
identification, clinical validation, security, ethics, data rights
and governance, usability and utility (human factors and
behavioral economics), standards, usability and utility (data
visualization), economic feasibility, operations (care), operations
(research design), operations (research analysis), and operations
(data).
The categories to subgroup “digital clinical measures” included
biochemical, movement and activity, and physiological
(electrical, mechanical, and optics and imaging).
“Funding sources” were subgrouped by government, industry,
independent foundation, and unfunded. Articles with missing
funding information were categorized as unfunded. The details
of these categories are given in Table 2.
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Table 2. Categories for data extraction.
Category

Definitions

Reference

Nature of academic research
Verification

Evaluates and demonstrates the performance of a sensor technology within a BioMeTa, and the sample- [16]
level data it generates, against a prespecified set of criteria

Analytical validation

Evaluates the performance of the algorithm, and the ability of this component of the BioMeT to measure, [16]
detect, or predict physiological or behavioral metrics

Clinical validation

Evaluates whether a BioMeT acceptably identifies, measures, or predicts a meaningful clinical, biolog- [16]
ical, physical, functional state, or experience in the stated context of use (which includes a specified
population)

Measure identification

Research studies to identify key variables from the information extracted from digital sensors, to support [20]
decision-making

Security

Research studies to assess the risks associated with digital clinical measures and taking necessary
measures for information security

Data rights and governance

Research studies to assess the data access, privacy, and sharing (following the FAIRb guiding principle) [22]

Ethics

Research studies to ensure equity and justice during every step of the development and deployment of [23]
digital clinical measures (eg, reduce health disparities or racial injustice)

[21]

Usability and utility (human Research studies to investigate human factors associated with digital clinical measures (eg, how usable, [24]
factors/behavioral ecouseful, or unobtrusive a digital clinical measure can be for an end user). It involves surveys from the
nomics)
participants on user experience.
Standards

Involves standardization of the data extracted from digital clinical measures for interoperability

[25]

Usability and utility (data
visualization)

Involves data visualization/result presentation for all end uses

[24]

Economic feasibility

Research studies to investigate economic feasibility of a digital clinical measure

[26]

Operations (care)

Involves clinicians and economists to design clinical workflow and corresponding evaluation that is
typically done for a clinical trial

[27]

Operations (research design) Involves clinicians and biostatisticians to design a research study and execution plan, which is typically [28]
done for a clinical trial via power analysis and statistical analysis plan
Operations (research analy- Involves analyzing data from digital clinical measures (eg, data analyst or data scientists)
sis)

[29]

Operations (data)

Involves monitoring data and metadata from digital clinical measures (eg, bioinformatics)

[30]

Biochemical

Senses biochemicals (eg, sweat sensor or continuous glucose monitors)

[31]

Movement and activity

Tracks movement and activity (eg, step count or actigraph)

[31]

Physiological (electrical)

Senses electrical signals related to physiological phenomena (eg, electrocardiography, electroencephalog- [32-34]
raphy, electromyography, bioimpedance, electrodermal activity, or electroooculography)

Physiological (mechanical)

Senses mechanical signals related to physiological phenomena (eg, phonocardiography, speech, lung
sounds, joint acoustic emission, seismocardiography, or ballistocardiography)

[35,36]

Physiological (optics and
imaging)

Senses optical signals related to physiological phenomena (eg, photoplethysmography, camera for
blood volume pulse, or bioradar)

[37]

Government

US Government funding agencies

[38]

Industry

Pharma, tech, and medical device industry

[38]

Independent foundation

Universities, private nonprofits, societies, and independent associations

[38]

Unfunded

Investigator initiated with no funding sources explicitly stated

Digital clinical measures

Funding sources

a

BioMeT: biometric monitoring technology.

b

FAIR: Findable, Accessible, Interoperable, and Reusable.

For the data extraction process, each publication was reviewed
by at least three of the seven analysts (MMHS, KR, AB, AVK,
AF, WKW, and YJ). Each publication was assigned to one or
https://www.jmir.org/2021/9/e29875
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individual analyst subjectivity at this stage. Following the initial
categorization, articles falling into the government funding
subgroup were further categorized by US government agency
(ie, National Institutes of Health [NIH], National Science
Foundation [NSF], Department of Defense [DOD], Veteran
Affairs [VA], National Aeronautics and Space Administration
[NASA], Department of Energy [DOE], and “Other”). The
“Other” category constitutes government funding sources that
were listed for just one article in our pool. Articles with NIH
funding were further subgrouped by NIH institutes and centers
[39]. Data was standardized after extraction by the five analysts
(MMHS, KR, AVK, AF, and AB), and the details of this process
are presented in Multimedia Appendix 4.
Following the data extraction process, we performed Pearson
chi-square tests with one categorical variable to determine
whether the representation of academic research studies varies
significantly within the following categories: academic research,
digital sensors, and funding sources. We assumed equal
representation for all categories as the null hypothesis. In this
work, we considered P values less than .05 to be statistically
significant. The statistical tests and data visualization were

Shandhi et al
performed using Python 3.8.5 (Python Software Foundation)
on the Spyder-integrated development environment 4.1.5.

Results
Screening
Our initial search on PubMed retrieved 4240 articles (Figure
1). With our custom built Python script, we excluded 843 articles
from this initial list based on research lead, publication year,
and publication type. Of the 3397 identified articles for
subsequent screening, we excluded over 75% (n=2736) after
title screening and a further 30% (n=196) after abstract
screening, based on our inclusion criteria. The majority of the
excluded articles were not related to biosensing, were review
articles, or explored nonhealth applications. Following the
abstract screening, a total of 465 articles were included in the
full-text review, during which we further excluded 170 (37%)
articles on the basis of our inclusion criteria. At this stage,
articles were mainly excluded because the sensors being studied
were nonportable biosensors or because they covered topics
unrelated to biosensing; Multimedia Appendix 3 lists the articles
excluded in this phase. Data for further analysis was extracted
from the remaining 295 articles.

Figure 1. Article screening process and diagram following the PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) review
methodology.
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Data Categorization
The 295 articles used for analysis were categorized by research
study type, sensor type, and funding source, including broad
US government funding sources and specific NIH funding
sources (Figure 2). The list of the 295 articles included in the
data extraction process with their corresponding categories is
located in Multimedia Appendix 4. We observed statistically
significant differences (Pearson one-sample chi-square test
P<.001), indicating unequal distribution of research studies
across subcategories for all three overarching categories:
academic research, digital sensors, and funding sources. Nearly
76% (n=225) of the studies evaluated were conducted in
operations research analysis (Figure 2a). Analytical validation
(n=173, 59%), usability and utilities (data visualization; n=123,
42%), verification (n=93, 32%), and clinical validation (n=83,

Shandhi et al
28%) were other commonly represented study types. On the
contrary, ethics (n=0), security (n=1), and data rights and
governance (n=1) were uncommon study types. Research on
standards (n=6), economic feasibility (n=7), and operations care
(n=8) were also uncommon in this pool of articles.
Categorization by sensor types (Figure 2b) revealed that
movement and activity were the most commonly studied sensors
in the article pool (n=123, 42%), followed by physiological
(electrical) sensors (n=90, 31%), physiological (optics and
imaging) sensors (n=71, 24%), biochemical sensors (n=62,
21%), and physiological (mechanical) sensors (n=33, 11%).
For those studies evaluating movement and activity sensors,
actigraphy and activity monitors with wearable accelerometers
were the most commonly studied sensors.

Figure 2. Distribution of articles across (a) research study types, (b) different sensing modalities, (c) different funding sources, and (d) different
government funding agencies. The bars are showing the percentage of studies, with 100% equivalent to 295 papers included in the data extraction
process for (a-c) and 100% equivalent to 192 papers with government funding for (d). The text on top of the bars in all the plots showing the actual
number of articles per category. Others in (d): state governments, National Institute of Justice, US Department of Agriculture, National Institute of Food
and Agriculture. One article can be grouped into multiple categories for (a-d). DOD: Department of Defense; DOE: Department of Energy; Gov:
governance; NASA: National Aeronautics and Space Administration; NIH: National Institutes of Health; NSF: National Science Foundation; Ops:
operations; Phys: physiological; U&U: usability and utility; Visual: visualization; VA: Veteran Affairs.
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Studies categorized by funding source (Figure 2c) indicated
that government agencies are funding the majority (n=192, 65%)
of academic research on digital clinical measures, followed by
independent foundations (n=109, 37%) and industry (n=56,
19%). Interestingly, more than 1 in 10 digital clinical measures
studies (n=36, 12%) was unfunded. Of these unfunded studies,
22 articles explicitly stated that the research team did not receive
any external funding, and 14 did not include a statement on
funding.
For studies receiving government funding, the NIH was the
most frequent contributor in terms of the number of articles
funded—66% (n=126) of the studies with government funding
were funded by the NIH (Figure 2d). The NSF was the second
most frequent government funder of research on digital clinical
measures (n=55, 29%), followed by DOD (n=16, 8%), VA (n=6,
3%), NASA (n=3, 2%), DOE (n=3, 2%), and others (the 5
remaining studies were funded by state governments, National
Institute of Justice, US Department of Agriculture, or National
Institute of Food and Agriculture). Of the 27 institutes and
centers at the NIH [39], 24 institutes funded studies on digital
clinical measures (Figure 3), indicating widespread interest and
applications in this field. The majority of studies were funded
by the National Institute of Neurological Disorders and Stroke
(n=18, 14% of the studies with NIH funding); the National
Institute of Biomedical Imaging and Bioengineering (n=18,
14%); the National Heart, Lung, and Blood Institute (n=17,
13%); and the National Center for Advancing Translational
Sciences (n=14, 11%).
Of the articles that reported receiving funding from independent
foundations (n=109), 75 (69%) studies received funding from

Shandhi et al
institutional funds at universities, 46 (42%) studies received
funding from private nonprofits (eg, Bill and Melinda Gates
Foundation or Chan Zuckerberg Initiative), and 6 (6%) received
funding from societies and associations (eg, American Heart
Association).
To understand whether specific funding types may be driving
specific sectors of digital clinical measures research, and where
a lack of funding may be contributing to low research output,
we explored the distribution of funding across different research
study types (Figure 4). Subdividing the research topics by
funding type, we found that the proportion of research support
from each of the four funding categories was fairly consistent
across research areas. The most frequent research and funding
combination out of the 295 articles was operations research
analysis supported by government funding (n=148, 50%). The
second most common combination was analytical validation
studies supported by government funding (n=105, 36% of
overall studies). Operations research analysis and analytical
validation also represent the first- and second-largest sectors of
overall digital clinical measures research, respectively (Figure
2a). Interestingly, the third most frequent research and funding
combination was not another research category but rather an
operations research analysis funded by foundations (n=80, 27%
of overall studies), indicating the large overall footprint that
operations research analysis occupies in the academic digital
clinical measures research space. By contrast, even given the
large proportion of government funding, research categorized
as analytical validation was also the most likely to be unfunded,
with 30 out of the 173 (17%) studies reported as unfunded.

Figure 3. Distribution of articles across different NIH institutes and centers. The bars are showing the percentage of studies, with 100% equivalent to
126 papers with NIH funding. The text on top of the bars showing the actual number of articles per category. One article can be grouped into multiple
categories. FIC: Fogarty International Center; NBIB: National Institute of Biomedical Imaging and Bioengineering; NCATS: National Center for
Advancing Translational Sciences; NCCIH: National Center for Complementary and Integrative Health; NEI: National Eye Institute; NHLBI: National
Heart, Lung, and Blood Institute; NIA: National Institute on Aging; NIAAA: National Institute on Alcohol Abuse and Alcoholism; NICHD: National
Institute of Child Health and Human Development; NIDA: National Institute on Drug Abuse; NIDCD: National Institute on Deafness and Other
Communication Disorders; NIDCR: National Institute of Dental and Craniofacial Research; NIDDK: National Institute of Diabetes and Digestive and
Kidney Diseases; NIEHS: National Institute of Environmental Health Sciences; NIGMS: National Institute of General Medical Sciences; NIH: National
Institutes of Health; NIMH: National Institute of Mental Health; NIMHD: National Institute on Minority Health and Health Disparities; NINDS: National
Institute of Neurological Disorders and Stroke; NLM: National Library of Medicine; OAR: Office of AIDS Research; OD: Office of Dietary Supplements.
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Figure 4. Distribution of funding sources across different research study types, with the heat map color showing the percentage of studies (100%
equivalent to 295 papers included in the data extraction process) and the text in each cell showing the actual number of articles per category. One article
can be grouped into multiple categories. Gov: governance; Ops: operations; U&U: usability and utility; Visual: visualization.

Similar to the previous analysis subdividing research topics by
funding type, we sought to understand whether the volume of
literature surrounding particular types of digital sensors is related
to funding. Therefore, we subdivided the articles in the different
digital sensor categories from Figure 2b by funding type. We
found that the most frequent digital sensor and funding
combination was movement and activity sensors funded by
government agencies (n=67, 23% of overall studies; Figure 5).
Government funding also supported the majority of research
into physiological (electrical) sensors (n=61, 21%),
physiological (optics and imaging) sensors (n=50, 17%), and
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biochemical sensors (n=48, 16%). By contrast, even given the
large proportion of government funding, digital sensors
categorized as movement and activity were the second most
likely to be unfunded, with 15% (n=19) of the 123 studies on
movement and activity sensors being unfunded. Biochemical
sensors were the least likely to be studied without funding (n=1,
1% of studies that used biochemical sensors), whereas studies
into physiological (mechanical) sensors were most the
commonly unfunded, with 8 of 33 (24%) studies reported as
unfunded.
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Figure 5. Distribution of funding sources across different digital sensor types, with the heat map color showing the percentage of studies (100%
equivalent to 295 papers included in the data extraction process) and the text in each cell showing the actual number of articles per category. One article
can be grouped into multiple categories. Phys: physiological.

Discussion
Principal Findings
In this systematic review, we describe the nature of academic
research related to digital clinical measures and the distribution
of funding across different types of academic research and
sensing modalities.
Verification, analytical validation, and clinical validation studies
[16] are, together, the most frequently published study types in
this review. As verification, analytical validation, and clinical
validation is foundational to establishing whether a digital
clinical measure is fit-for-purpose [16], these findings indicate
that academic research supporting the development and
evaluation of digital clinical measures is appropriate for a
nascent field. However, the paucity of published studies
examining the security, data rights and governance, ethics,
standards, and economic feasibility of digital sensing products
are alarming given the rapid growth and adoption of digital
clinical measures [40]. The risks of harm to individuals from
unauthorized access to data arising from inadequate security,
misuse of data due to poor data rights and governance, and
inequities arising from the development and deployment of
digital clinical measures without sufficient consideration of the
ethical implications are substantial [21,23,41,42]. It is imperative
that academic investigators skilled in these areas are motivated
and funded to pursue a systematic evaluation of the current state
of affairs and to propose best practices to ensure that digital
clinical measures fulfill their promise without causing harm to
individuals or populations.
Research studies examining the usability and utility of digital
sensing products are relatively common compared to
publications reporting research into security, data rights and
governance, and economic feasibility, which ought to trend
https://www.jmir.org/2021/9/e29875
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together [24]. This is not to say that usability and utility of
digital clinical measures is overstudied, but rather suggests that
research into these other characteristics of digital sensing
products is lagging. Similarly, the number of publications
reporting measure identification is relatively low compared to
research into the development and deployment of these same
measures. This may be cause for concern if we cannot be certain
that digital clinical measures being developed have already been
determined to be clinically relevant and grounded in aspects of
health that patients and clinicians care most about [20]. As we
strive to increase the patient focus and efficiency of health care,
it is critical that we are separating signals from noise and not
advancing digital clinical measures that offer little value to
individual patients and the health care system.
Research into the operational aspects of deploying digital
clinical measures is the largest single study type identified by
our review. Although digital clinical measures cannot add value
unless they are successfully operationalized during routine
clinical care and in clinical trials, focusing academic research
on deployment without first ensuring that the digital clinical
measures are fit-for-purpose and trustworthy leaves the entire
field of digital health at risk of collecting vast swaths of data
that, at best, are of no value and, at worst, could cause harm.
During the rapid acceleration of digital clinical measurements,
research into the selection and development of high-quality
measures and tools must be a primary focus of academic
research in this new field.
Research related to movement and activity sensors are most
common when we parse the article pool by sensor type. This
finding is consistent with other literature where digital measures
of activity have been found to be most commonly used to answer
clinical questions [43]. Movement and activity sensors also
inform the majority of digital end points used by the industry
in medical product development [40]. Physiological (electrical),
J Med Internet Res 2021 | vol. 23 | iss. 9 | e29875 | p.88
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physiological (optical and imaging), and biochemical sensors
are well represented in this review, which is consistent with the
recent growth in the use of portable electrocardiograms,
photoplethysmography, and continuous glucose monitoring,
respectively.
Our review indicates that government agencies and independent
foundations are funding most of the academic research studies
related to digital clinical measures. Industry funding was
relatively low, and this is likely due to our definition of
academic studies that excludes studies that only have
industry-affiliated authors without academic research
partnerships. Of the government agencies, the NIH is funding
most of the academic research studies, which is consistent with
previous research examining funding of US biomedical research
[38]. The distribution of funding across different NIH institutes
and centers demonstrates that certain therapeutic areas might
be getting more funds compared to others. However, we have
not extracted information on funding distribution across different
therapeutic areas, as it was out of scope for this systematic
review. Future work should explore which therapeutic areas are
more likely to receive funding and which areas are least funded.
Of the independent foundation–funded research studies,
institutional funds at universities are funding the majority on
digital clinical measures as compared with private nonprofits
and public charities, which is also consistent with the literature
[38].
After operational research, analytical validation is the most
common government-funded study type in digital clinical
measurement. This is critically important as analytical validation
includes examination of algorithmic bias [16], which must be
an area of focus given research findings that digital sensing
products may not perform equally well across different skin
tones, among other factors [44,45]. However, although the total
number of government-funded analytical validation publications
is high, analytical validation studies are also the most likely to
be unfunded (n=30, 17%), suggesting that academic researchers
are pursuing analytical validation studies even when funding
may not exist. This work is to be applauded but is not
sustainable. Additional funding for analytical validation must
be made available to ensure that digital clinical measures are
developed equitably.
Although movement and activity sensors are the most used
sensors in academic research, these sensors are still the second
most likely to be unfunded (n=19, 15%), suggesting that
academic researchers are pursuing research into movement and
activity sensors even when funding may not exist. This is again
praiseworthy but not sustainable, considering the rapid adoption
of these sensors in our daily life [10,11] and clinical studies
[43]. Sufficient funding is required to ensure the development
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and deployment of these movement and activity sensors reliably
and equitably.
Our review has several limitations. First, we have focused only
on academic research led by US-based academic researchers.
Future research should expand beyond the United States to
examine trends in academic research into digital clinical
measures globally. Second, we searched only one database
(PubMed) to retrieve articles for this review. PubMed only
indexes research related to life sciences and biomedicine [46].
As digital medicine is a highly interdisciplinary field, many
relevant studies may not have been captured in our review. For
example, sensor verification studies may be published in
traditional engineering journals that are not indexed by PubMed.
Future studies will be enhanced by the use of multiple databases
across disciplines. In addition, as an emerging interdisciplinary
field, we must strive to reference the complete corpus of relevant
literature, not only those publications familiar to us in our
individual disciplines. Finally, the subjective nature of the
review and data extraction process may hinder repeatability,
and we attempted to mitigate this risk using innovative methods
such as using a majority voting system and using natural
language processing to automate the initial screening phase.
This review reports the current state of academic research on
the rapidly expanding and highly promising field of digital
clinical measures. Substantial work is being done in areas such
as validation and operations, with a paucity of research in other
areas like security and ethics. Future studies should investigate
why critical research into the safe, effective, ethical, and
equitable advancement of digital clinical measures is largely
absent from the published literature. Both academic researchers
and funding agencies should focus on the subareas of academic
research on digital clinical measures that are underrepresented
and relatively underfunded to ensure that funding priorities
adequately reflect the evidentiary needs of the field.

Conclusion
Academic research related to digital clinical measures is not
keeping pace with the rapid expansion and adoption of digital
sensing products. Although substantial foundational research
validating the performance of digital clinical measures is being
conducted, academic studies of security, data rights and
governance, economic feasibility, ethics, and standards
necessary to advance the field are lagging. These areas must be
bolstered to minimize the growing chasm between the promised
benefits of digital clinical measures and their potential risks.
As expected, research funding appears to be associated with
increased research publications. An integrated and coordinated
effort is required across academia, academic partners, and
academic funders to establish the field of digital clinical
measures as an evidence-based field worthy of our trust.
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Abstract
Background: With the increasing health care burden of cancer, public health organizations are increasingly emphasizing the
importance of calling people to engage in long-term prevention and periodical detection. How to best deliver behavioral
recommendations and health outcomes in messaging is an important issue.
Objective: This study aims to disaggregate the effects of gain-framed and loss-framed messages on cancer prevention and
detection behaviors and intentions and attitudes, which has the potential to inform cancer control programs.
Methods: A search of three electronic databases (Web of Science, Scopus, and PubMed) was conducted for studies published
between January 2000 and December 2020. After a good agreement achieved on a sample by two authors, the article selection
(κ=0.8356), quality assessment (κ=0.8137), and data extraction (κ=0.9804) were mainly performed by one author. The standardized
mean difference (attitude and intention) and the odds ratio (behaviors) were calculated to evaluate the effectiveness of message
framing (gain-framed message and loss-framed message). Calculations were conducted, and figures were produced by Review
Manager 5.3.
Results: The title and abstract of 168 unique citations were scanned, of which 53 were included for a full-text review. A total
of 24 randomized controlled trials were included, predominantly examining message framing on cancer prevention and detection
behavior change interventions. There were 9 studies that used attitude to predict message framing effect and 16 studies that used
intention, whereas 6 studies used behavior to examine the message framing effect directly. The use of loss-framed messages
improved cancer detection behavior (OR 0.76, 95% CI 0.64-0.90; P=.001), and the results from subgroup analysis indicated that
the effect would be weak with time. No effect of framing was found when effectiveness was assessed by attitudes (prevention:
SMD=0.02, 95% CI –0.13 to 0.17; P=.79; detection: SMD=–0.05, 95% CI –0.15 to 0.05; P=.32) or intentions (prevention:
SMD=–0.05, 95% CI –0.19 to 0.09; P=.48; detection: SMD=0.02, 95% CI –0.26 to 0.29; P=.92) among studies encouraging
cancer prevention and cancer detection.
Conclusions: Research has shown that it is almost impossible to change people's attitudes or intentions about cancer prevention
and detection with a gain-framed or loss-framed message. However, loss-framed messages have achieved preliminary success
in persuading people to adopt cancer detection behaviors. Future studies could improve the intervention design to achieve better
intervention effectiveness.
(J Med Internet Res 2021;23(9):e27634) doi:10.2196/27634
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gain framing; loss framing; attitude; intention; behaviors; cancer prevention; cancer detection
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Introduction
Background
Cancer accounts for 1 in 6 deaths globally. The number of
cancer cases worldwide may increase by 60%, especially in
low-income and middle-income countries where the increase
may be as high as 81%, as estimated by the latest World Cancer
Report [1]. This trend will undoubtedly lead to socioeconomic
pressure and a shortage of medical resources. The current
clinical research on cancer medicine mainly focuses on finding
the cause of cancer and preventing the spread of cancer cells in
the early stage [2,3]. However, these findings can be helpful
only if people are sufficiently aware of adopting healthy
behavior (ie, prevention and detection). This is a unique form
of a health crisis that requires intensive communicative efforts.
Therefore, messages need to be carefully designed in cancer
communication to achieve positive health outcomes.
Message framing is an effective technique to change health
behavior [4-10]. Health messaging attempts to change people's
attitudes, intentions, or behaviors toward a specific health topic
by emphasizing the expected benefits of undergoing specific
health behaviors (ie, gain-framed messaging) or the possible
loss if specific health behaviors are not done (ie, loss-framed
messaging), to persuade people to follow healthy guidelines.
According to the theory of reasoned action, attitude (or
intention) is an essential direct predictor of behavior [11-13].
Moreover, attitudes, intentions, and behaviors are the standard
measures of the effectiveness of health messages [4,14].
Health behaviors include disease prevention and detection
behavior [4,6]. The former aims to avoid illness or deterioration,
while the latter aims to reflect the presence or absence of risk.
Gain-framed messaging fulfills the promise of a safer and more
certain disease prevention measure in terms of disease
prevention, so it is more effective than loss-framed messaging
[4,15]. O’Keefe and Jensen [16] also showed the advantage of
the gain-framed messaging in disease prevention, but they
indicate that it does not apply to skin cancer [17,18]. On the
other hand, in terms of disease detection, it was thought that
the loss-framed messaging showed a higher persuasive effect
[4,15]. However, the meta-analysis results show no significant
difference between gain and loss framing [6,16]. Thus, apart
from demonstrating the contribution of loss-framed messaging
to breast cancer detection [17], there has been no definitive
conclusion regarding cancer and message framing.

Objectives
The concept of message framing is an essential strategy in health
promotion, but research on how to optimally frame cancer
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prevention and detection messaging is scarce. Furthermore,
while the effectiveness of message framing in cancer prevention
and detection remains unclear, there is still an increasing number
of related studies that combine message framing with other
variables (ie, color) to verify the strengthening or weakening
of the framing effect. Therefore, a thorough examination of the
effectiveness of the message framing in the context of cancer
is needed.
This review mainly aims to systematically summarize the
characteristics of the relevant intervention studies and then pool
the effect sizes from the relevant studies to quantify the effects
of those interventions on attitude, intention, and behavior
change. The findings of this review can provide
recommendations for researchers and clinicians to design
effective messages in cancer communication.

Methods
Search Strategies
This review was conducted and is reported according to the
PRISMA (preferred reporting items for systematic reviews and
meta-analyses) guidelines. As mentioned in the initial
registration (registration ID CRD42021252658), a series of
structured electronic searches were performed in three English
databases, including Web of Science, Scopus, and PubMed,
focusing on the effectiveness of message framing related to a
cancer topic and dated from January 1, 2000, to December 31,
2020. The procedures guiding article inclusion are presented in
the flow chart in Figure 1. Example search terms are as follows:
goal fram*, loss fram*, message fram*, goal fram*, health
message, health infor*AND attitude, intention, behavio*,
behavio*intention, behavio* chang* AND cancer, screen*,
prevention, detection, AND specific validated database filters
for randomized controlled trials
All articles identified in the search strategy were exported into
reference management software (version 2.48.0; Mendeley) for
duplicate checking and further screening. The reference lists of
eligible articles were further reviewed to identify other relevant
studies. Relevant reviews that emerged from the search strategy
were checked for any additional studies. Grey literature (ie,
working papers, unpublished studies, conference proceedings
or abstracts, and dissertations) was not considered eligible. The
preliminary retrieval process was taken as the total literature
volume combining the reviews independently completed by
two authors. The authors selected a sample of eligible studies
after achieving good agreement (κ=0.8356), with the remainder
being selected by one author.
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Figure 1. Preferred reporting items for systematic reviews and meta-analysis flowchart.

Study Inclusion and Exclusion Criteria
Studies were included if they met the following criteria: (1)
participants (not cancer patient or survivors) of both genders
and any age range exposed to either the loss-framed or the
gain-framed cancer prevention or detection (not treatment)
message in experimental research; (2) interventions that have
been delivered via either emphasizing the expected benefits of
taking specific health behaviors (gain-framed message) or the
https://www.jmir.org/2021/9/e27634

XSL• FO
RenderX

possible loss of not taking specific health behaviors (loss-framed
message); (3) the gain-framed and loss-framed message must
come in pairs as a comparison and related to a specific cancer
topic, not cancer in general; (4) the effectiveness of
cancer-related messages was measured in terms of change in
attitude (by scale), intention (by scale), and behavior (by yes or
no), and the analysis of primary data was reported, and sufficient
quantitative data was provided for estimating the total effect
size. In addition, only randomized controlled trials (RCTs) were
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included. Finally, published studies that repeatedly used the
same data were excluded, leaving only one study that reported
the most complete results.

Results

Data Extraction

The literature search identified a total of 319 studies extracted
by two authors. After deduplication, a total of 168 studies’ titles
and abstracts were screened, with 53 remaining for full-text
screening. Among those, 24 articles met the inclusion criteria,
and 4 studies met the inclusion criteria but did not meet the
exclusion criteria. The authors attempted to obtain the research
data of 8 studies that met the first two inclusion criteria but
failed to provide usable data by contacting their corresponding
authors via email and received 2 replies [21,22]. Due to the
oversize issue, the main content of each study is summarized
in Multimedia Appendix 1. Of the 24 studies used in the final
analysis, 13 were conducted by the United States [21,23-34], 2
by the United Kingdom [35,36], South Korea [22,37], and China
[38,39], and 1 by Australia [40], Ireland [41], Italy [42],
Singapore [43], and South Africa [44]. Among the studies used,
5 were funded by the government or institute grant
[22,23,25,26,38], 2 by the institute and the center [24,29], 2 by
the institute and universities [30,34], 2 by universities [28,37],
and 1 by the health charity and behavioral insights project [35].
The remaining 12 studies did not report receiving any funding
[21,27,31-33,36,39-44].

Data from a sample of eligible studies was extracted by two
authors, and after they achieved good agreement (κ=0.9804),
the remainder was extracted by one author. The main framework
of the extraction criteria was drawn by the authors altogether.
The following information was extracted: (1) basic study
characteristics including the first author, publication date,
country, and funding of the study; (2) participant characteristics
including sample size, age, ethnic, and gender ratio (female);
(3) intervention characteristics including cancer type, research
setting (lab or not), message contents, message resources,
message delivery channel, intervention duration, and
underpinning theories; (4) outcome measures including
measurement of the outcomes; and (5) main results including
intervention completion ratio and converted effect size
(standardized mean difference [SMD] and odds ratio [OR]).

Bias Assessments
The risk of bias for RCTs was independently assessed by two
authors (κ=0.8137) using the Cochrane Collaboration tool for
assessing bias [19]. Differences of opinion were discussed and
agreed upon by the two authors.

Strategy for Data Synthesis and Meta-Analysis
All meta-analyses were performed with Review Manager 5.3
(version 5.3; The Cochrane Collaboration) [20]. This study
performed meta-analyses on the three message effectiveness
indicators (attitude, intention, and behavior). Among them, for
the two continuous variables (attitude and intention), the SMD
of the gain-frame (as the intervention group) and the loss-frame
(as the control group) are calculated to represent an effect size.
Moreover, two subgroups of cancer prevention and cancer
detection were designed separately and analyzed under each
indicator. For the two-category variable (behavior), the OR of
the gain-frame (as the intervention group) and the loss-frame
(as the control group) are calculated to represent an effect size.
In addition, two subgroups of cancer detection within 6 months
(<6 months) or more than 6 months (>6 months) after the
experiment were designed for comparison and analysis of the
impact of the timing of the framing effect on cancer detection
behavior. All meta-analyses used random-effects models. I2
statistics are used to determine heterogeneity and measure the
degree of inconsistency. I2 values are 25%, 50%, and 75%,
corresponding to low, medium, and high levels of heterogeneity,
respectively. For high heterogeneity, the source of heterogeneity
was investigated by conducting a subgroup analysis to explore
potential moderators and demonstrate why heterogeneity existed.
We used the funnel plot to observe whether there is publication
bias and used the Egger regression line to confirm possible
publication bias further.

Study Characteristics

The total sample size was 11,637, ranging from n=85
(intervention group) to n=752 (control group). The participants’
average age ranged from 12 to 91 years. Because some cancers
are associated with a particular sex, 2 studies notably recruited
all-male participants [32,42], while another 10 studies recruited
all-female participants [21,23,24,26,30,34,35,37,39,44]. Also,
there was a range of different cancer topics targeted during the
study interventions, including 9 studies for skin cancer
[22,25,27,31,33,36,40,41,45], 2 for colorectal cancer [28,38],
and 1 for lung cancer [29].
Most of the experiments were conducted online, through email
[27-29,40,43,44], a phone call [23] or text message [35], and
other methods like webpage URLs [31,37]. There are also a
small number of experiments that were done in a laboratory
setting
using
traditional
printed
materials
[21,22,25,32,33,41,42,45]. Messages were delivered in a variety
of ways, including text only [27,28,36,44], text plus images or
graphics [26,29,38,40], and video [24,30,34,39,43]. The majority
of studies were based on prospect theory
[21,22,24,27,29,32,34,37,41,43-45], and some of them used
theory of planned (or reasoned) behavior [28,31,38,39],
self-affirmation theory [36], and the health belief model [30,42].
There are also some studies that did not use theories or models
[23,25,35]. The majority of studies focused on attitude
[28,31,32,37-40,42,43]
and
intention
[21,22,25-29,33,36,37,39-43,45], whereas 6 studies used
behavior to examine the message framing effect directly
[23,24,30,34,35,44].

Bias and Heterogeneity Assessments
As shown in Figures 2 and 3, the risk of bias assessment
indicated that the included articles were relatively high in
quality. For the publication bias examination, the funnel plot
https://www.jmir.org/2021/9/e27634
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line to confirm the possible publication bias further.

Figure 2. Risk of bias summary of the individual studies (k=24).
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Figure 3. Risk of bias graph.

Intervention Effectiveness
In the following sections, the synthesized results regarding
attitude-related, intention-related, and behavior-related outcomes
are introduced individually. The main results are visualized in
the forest plot.

Attitude-Related Outcomes
Attitudes are commonly defined as “a psychological tendency
that is expressed by evaluating a particular entity with some
degree of favor or disfavor.” In this study, an attitude refers to
the tendency towards engaging in a particular behavior or object
targeted by a study's intervention.
The attitude was used to indicate the persuasiveness of
cancer-related messages in 9 studies. The relevant data involved
a total of 3277 participants, including 1647 in the gain group
and 1630 in the loss group. As seen in Figure 4, no significant
difference was found between the two groups in either cancer
prevention attitude (SMD=0.02, 95% CI –0.13 to 0.17; P=.79)
or cancer detection attitude (SMD=–0.05, 95% CI –0.15 to 0.05;
P=.32). There was medium heterogeneity (I2=68%; P<.001)
across the trials.
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The medium heterogeneity can be attributed to the study by
Kim [43] and Shen [31]. Participants of both genders were
involved in Kim [43], which focused on breast cancer, while
the other studies all invited gender-specific participants who
were more likely to be affected by the cancer of interest. In
addition, Shen [31] invited students to participate in the
experiment, and women accounted for 69% of participants. As
undergraduates may be more sensitive to information about skin
cancer because they are more focused on appearance rather than
because they perceive health risks, excluding these 2 studies
did decrease the heterogeneity (I2=0%, P=.11), but no significant
difference still existed between the gain and loss groups in either
cancer prevention intention (SMD=–0.05, 95% CI –0.17 to 0.06;
P=.37) or cancer detection intention (SMD=–0.05, 95% CI
–0.15 to 0.04; P=.26).
The funnel plot (Multimedia Appendix 2) demonstrates relative
symmetry for the studies of cancer detection or prevention
attitude, which suggests no publication bias existed and the
above analysis was reliable.
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Figure 4. Forest plots of cancer detection attitude and cancer prevention attitude.

Intention-Related Outcomes
Intention refers to a state of wanting, planning, or expecting to
act in a given way. It can be general (ie, intending to
mammogram) or specific (i.e., intending to mammogram in 3
months). In this study, the difference between intentions and
other related cognitions such as expectations or willingness was
not distinguished.
The intention was used to indicate the persuasiveness of
cancer-related messages in 16 studies. The relevant data
involved a total of 5289 participants, including 2763 in the gain
group and 2526 in the loss group. As shown in Figure 5, no
significant difference was found between the 2 groups in either
cancer prevention intention (SMD=–0.05, 95% CI –0.19 to 0.09;
P=.48) or cancer detection intention (SMD=0.02, 95% CI –0.26
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to 0.29; P=.92). There was large heterogeneity (I2=78%; P<.001)
across the trials.
Because the large heterogeneity can also be attributed to the
study by Kim [43], excluding this study did decrease the
heterogeneity (I2=34%, P=.09). In addition, the heterogeneity
is due to the gender characteristics of the participants, as
mentioned above. However, there is still no significant
difference between the gain and loss groups in either cancer
prevention intention (SMD=–0.05, 95% CI –0.19 to 0.09; P=.48)
or cancer detection intention (SMD=–0.08, 95% CI –0.17 to
0.01; P=.08).
The funnel plot (Multimedia Appendix 3) demonstrates relative
symmetry for the studies of cancer detection or prevention
intention except for Kim [43], which suggests that there existed
no publication bias after excluding this study.
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Figure 5. Forest plots of cancer detection intention and cancer prevention intention.

Behavior-Related Outcomes
In most cases, behavioral measures are obtained by researchers
using self-reported data from participants through follow-up
surveys. However, it does not rule out the existence of special
access to behavioral data (eg, a health insurance database
record).
Behavior was used to indicate the persuasiveness of messages
about cancer detection in 6 studies. The relevant data involved
a total of 3071 participants, including 1543 in the gain group
and 1528 in the loss group. It should be mentioned that cancer
detection behavior was measured twice in Schneider et al [30]
and Consedine et al [23]. According to Figure 6, loss-framed
messages were significantly more likely than gain-framed ones
to persuade people into engaging in both cervical cancer
detection behavior (OR 0.79, 95% CI 0.64-0.98; P=.03) and
breast cancer detection behavior (OR 0.69, 95% CI 0.50-0.96;
P=.03), with no heterogeneity (I2=13%; P=.33).
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There was often a time interval between cancer detection
behavior and the experiment in which the participants read the
framed messages. For the five measurements of cancer detection
behavior that were performed within 6 months after the
experiments, loss-framed messages were still significantly more
persuasive than gain-framed ones (OR 0.76, 95% CI 0.61-0.95;
P=.01), with no heterogeneity (I2=0%; P=.82). However, the
intervention of loss framing became ineffective beyond 6 months
(OR 0.73, 95% CI 0.49-1.11; P=.14), with medium
heterogeneity (I2=59%; P=.09).
The funnel plot (Multimedia Appendix 4) demonstrates
asymmetry for the studies of cancer detection behavior, from
which one cannot tell whether publication bias existed.
However, the Egger linear regression analysis suggests there
was no publication bias (P=.09).
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Figure 6. Forest plots of cervical cancer detection behavior and breast cancer detection behavior.

Relationships Between Behavior and Attitude or
Intention
Given that significant results were obtained for cervical or breast
cancer detection behavior, 4 studies of detection attitude or
intention focusing on either of these two cancers were extracted
to examine the relationships between behavior and attitude or
intention. Excluding Kim [43] as a source of heterogeneity, the
relevant data involved a total of 1284 participants, including
641 in the gain group and 643 in the loss group. No significant
difference was found between the two groups in cancer detection
attitude or intention (SMD=–0.05, 95% CI –0.14 to 0.03; P=.20),
with no heterogeneity (I2=0.0%; P=.76). That is, as far as
cervical and breast cancers are concerned, cancer detection
behavior was not necessarily preceded by cancer detection
attitude or intention. The funnel plot demonstrates relative
symmetry for the studies of cancer detection attitude or
intention, which suggests no publication bias existed, and the
above analysis was reliable.

Discussion
Principal Findings
This study meta-analyzed 24 empirical studies on the persuasive
effect of message framing in cancer prevention and detection.
By subdividing the convincing effect into three dimensions,
attitude, intention, and behavior, the results show that
gain-framed and loss-framed messages have no significant
differences in people's attitudes and intentions to change their
cancer prevention or detection behavior. However, for cancer
detection behavior, especially breast and cervical cancer
detection, loss-framed messaging is more persuasive than
gain-framed messaging, and this effect gradually weakens over
time.
This meta-analysis did not identify any advantages of
gain-framed messaging. Previous studies have proposed that
gain-framed messaging is more persuasive than loss-framed in
disease prevention, especially preventative behavior [6,16].
https://www.jmir.org/2021/9/e27634
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Since no relevant data on prevention behavior in the
cancer-related literature are included in this meta-analysis, it
cannot further verify whether the predecessors' benefits in
disease prevention behavior can be equally applicable to the
cancer topic. The results also negated the comparative advantage
of loss framing in disease detection. There are several possible
reasons for this contradictory conclusion. First, the previous
meta-analysis did not distinguish between the three measurement
indicators, so the results were affected by a large number of
measurement indicators [16]. Second, the amount of
cancer-related literature included in the previous meta-analysis
is small, so the conclusions drawn do not apply to all cancer
topics [6]. Therefore, it is necessary to verify whether these
existing conclusions can be applied to all health topics based
on previous studies. Moreover, because of different health
topics, the focus also varies. Some emphasize daily prevention
(such as using sunscreen), while some require regular detection
(such as a colonoscopy).
This meta-analysis also supports some of the results of previous
studies. Neither gain-framed nor loss-framed messaging can
exert the framing effect of changing people's attitudes or
intentions [6]. Our meta-analysis includes multiple cancer
themes, and it also expands the positive impact of the loss
framing found in breast cancer detection [46].
One interesting finding of this meta-analysis is that the message
framing effect is time-limited. Others have questioned the
duration of the framing effect in explaining the declining return
rate [34]. On the other hand, this meta-analysis evaluates a larger
scale of data and finds that the framing effect diminishes over
time. Therefore, future research could further investigate how
often health information stimulation can exert the framing effect
and determine the effect of repeating the same framing.
Another notable result of this study is the disconnect between
people's attitudes, intentions, and behavior. When reorganizing
data related to attitudes and intention for breast and cervical
cancer prevention and detection, these results also show that
attitudes and intentions cannot effectively predict behavior,
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indicating that there may indeed be a disconnect between
people's attitudes, intentions, and behavior. This conclusion has
also been confirmed by previous studies [6,47]. The ultimate
purpose of any framed message, but especially a health message,
is to promote a specific behavior. In the research process, paying
too much attention to the influence of other variables besides
behavior may outweigh the gains. Further verification is
worthwhile to measure whether subjective attitudes and
intentions to target behaviors can replace or predict the
subsequent behavior after reading the framed message. The
exploration in this area cannot stop at testing latent variables
such as attitude and intention, and it should return its focus to
“behavior” itself [48].

Limitations
As with all meta-analyses, this study was limited by the included
literature measurement indicators and provided data. For
example, the measurement data of attitude and intention included
in the literature far exceed behavior-related data. Cancer
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detection behavior data were obtained only due to the lack of
actual behavioral data related to cancer prevention. Also, the
data are limited to two types of cancer (breast cancer and
cervical cancer). Its generalizability also needs to be further
verified based on more relevant research. Due to the low email
response rate (2 out of 8), this meta-analysis excluded some
studies meeting the inclusion criteria.

Conclusions
This meta-analysis shows that gain framing and loss framing
have no significant difference in attitudes and intentions about
cancer prevention and detection. On the other hand, loss framing
can promote breast cancer and cervical cancer detection better
than gain framing. However, the effect of the loss framing
gradually weakens over time. Therefore, when constructing a
message to promote cancer detection, more considerations can
be given to loss framing’s promised short-term effects. People
can be screened for related cancers quickly by emphasizing the
possible risk of not performing cancer detection.
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Abstract
Background: The increasing use of smartphones by providers and patients alike demonstrates that digital health utilizing mobile
applications has the potential to transform perioperative care and education in anesthesia.
Objective: This literature review describes the current scope of the use of mobile applications in anesthesiology.
Methods: Literature was searched using PubMed, Scopus, and clinicaltrials.gov for articles published from January 1, 2010,
through April 1, 2020. Only English language studies were included. Articles were included if they examined the use of a mobile
health application in the setting of anesthesia or the perioperative (immediate preoperative, intraoperative, and postoperative)
period. Studies were excluded if they explored video interventions or did not examine the feasibility or efficacy of the mobile
app.
Results: We included 29 articles, and three areas of clinical functionality were identified: patient-centered care (preoperative,
intraoperative, and postoperative), systems-based improvement, and medical education. Several studies demonstrate the feasibility
and reliability of mobile apps in these areas, but many are only tested for efficacy in simulated environments or with small patient
samples
Conclusions: Mobile health applications show promise in improving communication between anesthesiologists, improving
workflow efficiency, enhancing medical education, and reducing hospital costs. However, there is a need for validation and
improvement before full implementation by the provider, patients, and hospital systems. Future studies are needed to demonstrate
meaningful health outcomes to create guidelines and recommendations specific to the application of mobile technology to health
care.
(J Med Internet Res 2021;23(9):e25115) doi:10.2196/25115
KEYWORDS
mobile applications; mHealth; perioperative medicine; anesthesia

Introduction
Mobile health (mHealth)––digital health technologies using
mobile phones, tablets, and wearables to improve health
outcomes––have the potential to rapidly change the face of
medicine, health care, and medical education. By 2019, 81%
of Americans owned a smartphone, a significant increase from
35% in 2011 [1]. Additionally, there has been an increased level
of interest in using mobile apps to monitor health in the US
https://www.jmir.org/2021/9/e25115
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population, with 45,028 mHealth related applications available
for download in Apple’s App Store in 2019, up from 28,343 in
2015 [2]. New advances in mobile apps provide opportunities
for innovative patient care, real-time data delivery, and
patient-provider engagement in anesthesiology.
Previous reviews in anesthesia have discussed commercially
available digital health apps provided in the Apple App Store
or Google Play market [3]. This review, however, describes
recent clinically tested digital health apps found in scientific
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literature and how these tools may be integrated into
anesthesiologists’ clinical practice.
This review aimed to describe the current scope of mobile
application use within anesthesiology. We classified apps found
in recent scientific literature into areas of clinical functionality
that were deduced from the analysis of the included studies. We
also described the limitations of mobile application studies and
suggested future directions.

Methods
Overview
A review was conducted to answer the following research
question: What mHealth applications in anesthesiology have
been described in the published literature, and what are their
utility and future potential in clinical practice?

Database Search
A complete literature search was conducted with the librarian's
assistance using PubMed, Scopus, and clinicaltrials.gov for
articles published from January 1, 2010, through April 1, 2020.
The search terms were “mobile applications” OR “mobile
health” OR “digital health” OR “mobile app” OR “iOS app”
OR “mHealth” OR “smartphone” AND “anesthesiology” OR
“anesthesia” OR “anesthetic” OR “anesthesiology” OR
“anesthesia” OR “anesthetic. The search included titles,
abstracts, and keywords for all databases.

Article Selection
Title, abstract, and full text of studies were reviewed by the first
author (SP), and the senior author (LR) resolved any
ambiguities. Only English language studies were included.
Articles were included if they examined the use of an mHealth
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application in the setting of anesthesia or perioperative
evaluation. Studies were excluded if they explored video
interventions or did not examine the feasibility or utility of the
mobile app.

Data Collection and Summary
Each article was assessed by design, population characteristics,
methods, area of clinical functionality, and outcomes. A
qualitative analysis was then conducted to summarize the depth
and breadth of mHealth apps that have been utilized within
anesthesiology. Major clinical functionalities were deduced
from this qualitative analysis, and each study was then classified
into one of these categories. We then described the limitations
of the data from these studies and provided a basis for the future
direction of mHealth in the field.

Results
Our search returned 80 studies on PubMed, 141 on Scopus, and
5 studies on clinicaltrials.gov, yielding a total of 226 studies,
of which 49 were duplicate studies. The titles and abstracts of
the remaining 177 articles were screened. We identified 66 that
meet the criteria, and their full text was reviewed, after which
29 articles were selected for a qualitative review.
Within the literature, we identified three areas of clinical
functionality: patient-centered care, systems-based improvement,
and medical education. Patient-centered care was further
subdivided into preoperative, intraoperative, and postoperative
monitoring. Certain mobile applications within systems-based
improvement were also subcategorized into medication safety
or adverse event reporting or guideline compliance. An overview
of each study's characteristics, methods, and outcomes can be
found in Table 1.
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Table 1. Characteristics and outcomes of included studies.
Study

Design

Sample, N

Sample characteristics

Category

Methods

Results

Cumino et al
2017 [4]

RCTa

84

Pediatric (4-8 years) Patient-centered Four groups: control
undergoing elective care: Preopera- (verbal anesthesia), insurgeries
tive
formed (parent given an
information leaflet
about the anesthetic
procedure), smartphone
(with a child in holding
area), and combined
(smartphone or informed). Primary end-

The OR anxiety in the control
group was higher
(76.2%; P=.001) than in the
other groups: informed group
(38.1%), smartphone group
(23.3%), and combined
(19.0%).

point: m-YPASb in
holding area and ORc
Lee et al 2013
[5]

RCT

120

Pediatric (1-10
years) surgical patients

Patient-centered Midazolam (M group),
care: Preopera- smartphone app (S), or
tive
midazolam & smartphone (SM). Primary
outcome: m-YPAS before and after the intervention.

Group S score was significantly
lower than group M (P=.01,
group SM was significantly
lower than group M (P<.01),
and group SM was significantly
lower than group S (P<.01).

Rubin et al
2019 [6]

Prospective

86

Adult surgical patients

Patient-centered An app was designed to
care: Preopera- administer the Duke
tive
Activity Status Index
and the 6-minute walk
test. Linear regression
was performed to estimate the distance
walked during the
6MWT from the number of steps measured
by the app.

Steps measured by app and research-grade pedometer
demonstrated intraclass correlation of 0.87 (0.79-0.92;
P<.001). Overall model fit was

Patient-centered Analysis of snapshots
care: Intraopera- from patient monitor
tive
and photos using Capstesia app were assessed for concordance

Intraclass correlation coefficient or PPV, CO and max
dP/dt were 0.991 (95% CI 0.980.99), 0.966 (0.96-0.97) and
0.96 (0.95-0.97), respectively.

Barrachina et al Cross-sectional
2017 [7]

20

Intensive care unit
patients

r2=.72 for the distance estimation algorithm.

of PPVd, COe, and
dP/dtf
Carvalho et al
2019 [8]

Prospective

22

Patients with surgery Patient-centered NMB grade assessed
care: Intraopera- intraoperative care with
requiring NMBg
tive
TOFh ratios obtained by
a Stimpod accelerometer versus the new app

For 142 time points, there was
no significant difference between the two methods
(P=.78). However, insufficient
data that the app can diagnose
a TOF higher than 0.

Desebbe et al
2016 [9]

Prospective

2100

N/Ai

The precision error of PPVapp
and PPVman was 10% (7%14%) and 6% (3%-10%), respectively. PPVapp shows acceptable accuracy with PPVman
when at least three pictures are
taken to average PPVapp at
scale X1 (upper limit of the
95% CI of the measurement error<12%).

Patient-centered The simulator is used to
care: Intraopera- display arterial wavetive
forms on a computer
screen. Data was obtained with different
sweep speeds (6 and 12
mm/s) and randomly
generated PPV values,
pulse pressures, and vitals. Each metric was
recorded 5 times at an
arterial height scale X1
and 5 times at an arterial height scale X3. Primary outcome: Reproducibility of PPVappj
and PPVmank.
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Study

Design

Sample, N

Sample characteristics

Category

Methods

Results

Joosten et al
2019 [10]

Cross-sectional

40

Abdominal surgery
patients

l
Patient-centered PPV
CAP compared
care: Intraoperawith SVVPCm at
tive
postinduction, preincision, postincision, the
end of surgery, and
during every hypotensive episode. PPV and
SVV are classified into
no fluids, gray zone,
and fluid administration. Primary outcome:
the overall agreement
between PPV and SVV
and agreement in the
fluid administration
category

549 pairs of PPV-SVV data
were obtained. The overall
agreement of PPVCAP with
SVVPC was 79% ( κ=0.55),
demonstrating moderate agreement with only 1% of all measurements resulting in opposite
clinical decisions regarding
fluid administration.

Joosten et al
2019 [11]

Prospective

57

Elective coronary
artery bypass graft
patients

Patient-centered The ability of PPVCAP
care: Intraoperaor PPVPCn to predict
tive
fluid responsiveness after infusion of 5 ml/kg
of colloid. Primary outcome: overall agreement of PPVCAP and
PPVPC as well as

No difference in the ability of
PPVCAP and PPVPC to predict
fluid responsiveness (AUROCq
0.74, 95% CI 0.60-0.84 vs AUROC 0.68, 95% CI 0.540.80; P =.30). COCAP did not
correlate well with COTD.

COCAPo and CO from
COTDp
Chiu et al 2019
[12]

RCT

156

Procedural patients,
age 19-75 years,

Patient-centered Completed VAS-100r
care: Preoperaand NRS-11s for pain
tive
using paper versus
smartphone VAS-100
and NRS-11. Primary
outcome: correlation at
various time points

Panda VAS-100 and original
tool correlated strongly at
emergence (r =.93) and upon
discharge (r =.94); Panda NRS11 correlated strongly with the
original at emergence (r =.93)
and upon discharge (r =.96)

Dahlberg et al
2017 [13]

RCT

1027

>17 y/o undergoing
day surgery

Patient-centered Patients answered
care: Postopera- SwQoRt daily for 14
tive
days: smartphone app
versus standard care
(control). Primary outcome: cost-effectiveness.

Net savings of €4.77 (approximately US $5.65) per patient
w/ intervention. No difference
in SwQoR between the two
groups.

Dahlberg et al
2019 [14]

RCT

494

>17 years undergoing day surgery

Patient-centered Patients randomized to
care: Postopera- RAPPu daily for 14
tive
days via app versus
standard care (no follow-up).

62% of contacts made by patients were on postoperative
days 1 to 7 and 38% on postoperative days 8 to 14. Demonstrated follow-up should be
more long-term.

Highland et al
2019 [15]

RCT

50

Military surgery pa- Patient-centered Mobile app (mCare)
tients
care: Postopera- group vs control teletive
phone group to complete Defense and Veterans Pain Rating Scale,
nerve block questions,
satisfaction surveys,
and system usability
survey after surgery.

No difference in initial response rates between app and
control. On day 8, 64% of
mCare group completed followup versus 48% of the control
group (P=.29).
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Study

Design

Sample, N

Sample characteristics

Category

Jaensson et al
2017 [16]

RCT

997

Adult day surgery
patients

Patient-centered SwQoR daily for 14
care: Postopera- days via app interventive
tion (RAPP) or standard
care (control). Primary
outcome: SwQoR on
postoperative days 7
and 14

Global SwQoR score was significantly lower (better recovery) in the RAPP group compared to the control group on
day 7 (28.23 vs 34.87; P<.001)
and day 14
(20.12 vs 21.90; P=.002).

Ke et al 2019
[17]

Qualitative
study

15

Obstetric anesthesiol- Patient-centered Structured phone or inogists (9) and cesare- care: Postopera- person interviews with
an section patients
tive
patients and anesthesiol(15)
ogists to assess care after a cesarean section
and to solicit feedback
on a prototype mobile
app for postoperative
cesarean section care

App focusing on patient education and self-monitoring. 80%
of patients interacted with the
app >2x. Most accessed resources were controlling pain,
an overview about days after
surgery, and key contacts.

Soh et al 2019
[18]

RCT

42

Gastric cancer surgi- Patient-centered Alarm on the app every
cal patients
care: Postopera- 60 min for 2 days with
tive
nurse dashboard versus
app without alarms or
dashboard. Primary

Sun et al 2014
[19]

Prospective

62

Pediatric patients (4- Patient-centered Assessed pain with both
18 years)
care: Postopera- paper FPS-Rw and
tive
CASx assessments as
well as app-based (Panda) versions postsurgery. Primary outcome: correlation between scores.

Panda FPS-R scores correlated
strongly with the original tool
(r > .93). Panda CAS scores
correlated strongly with the
original CAS scores at both
time points (r>0.87); mean pain
scores were higher (up to plus
0.47) with Panda than with the
original.

WarrenStomburg et al
2016 [20]

Mixed

83

Adult surgical patients

42.2% prefer to respond by the
mobile app in part I, but in part
II, adherence to answering
questions in the app was only
27.2%. Patients > 60 yrs prefer
paper follow-up while patients
<40 prefer telemedicine
(P=.001).

Baumann et al
2019 [21]

Randomized
crossover

74

Resident and attend- Systems-based: Compared simulations
ing anesthesiologists Medication
with and without the
safety
app. Primary outcome:
the probability of administering the accurate
dosage.

The probability of “accurate”
rated dosage was 77.7 (70.984.5%) in control versus 94
(90-97.8%) with the app.

Gorges et al
2019 [22]

Feasibility
study

N/A

N/A

telePORT is used more for help
requests (approximately 4.5 per
day) than team messaging (approximately 1 per day). OR
monitoring was frequently utilized (34%). Loss of wireless
connectivity was a barrier.
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Methods

Results

ISI was higher in the test group
versus control but not significant (113.5 vs 93.2; P=.22).
Active coughing showed significantly higher performance in
v
outcome: ISI to assess the test group (107.8) compared
with the control (94.8).
the frequency of ISI
use.

Patient-centered Part I: paper-based
care: Postopera- questionnaire to identitive
fy patients’ attitudes towards follow-up techniques. Part II: feasibility test of a mobile app
for follow-up.

Systems-based

telePORT app designed
with input from anesthesiology assistants for
design features and
work-domain analysis.
Primary outcome: Usage patterns quantified.
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Study

Design

Sample, N

Sample characteristics

Category

Methods

Results

Haffey et al
2013 [23]

Retrospective

23

Opioid conversion
apps

Systems-based: Apps with opioid dose
Medication
conversion abilities
safety
identified. Dose calculations of seven commonly used opioid switches
were compared between
apps.

Of 23 apps, 52% had no stated
medical professional involvement. There is a significant
difference in mean conversion
output for hydromorphone between apps with and without
medical professional involvement (0.2256 vs 0.2536;
P=.038).

Jabaley et al
2018 [24]

Cross-sectional

13,846

Anesthesiologists

Systems-based: A free mobile app
Medication
(Anesthesiologist) desafety
ployed a 10-question
survey about sugammadex use and related
adverse events.

About 50% of anesthesia
providers had access to sugammadex and were given a survey. Anaphylaxis rates are estimated to be between 0.005%0.098%. 22.7% reported adverse drug reactions.

Lane et al 2012
[25]

Feasibility

40

Anesthesiologists

Systems-based

Development of VigiVU, a mobile app for
OR awareness and
communication, at
Vanderbilt University
Medical Center followed by beta testing
done with a group of
40.

VigiVU push notifications to
iPhone were faster than pager
(mean 18 sec, SD 8.2). All beta
users continued to use the app
for the benefits of situational
awareness in up to 4 ORs.

Lelaidier et al
2017 [26]

RCT

52

Anesthesia residents Systems-based: Two simulated crises,
Guideline com- with and without MAX
pliance
app. Primary outcome:
technical performance
during crisis defined by

Mean technical performance
was higher in the MAX group
vs. control group: 81.6%, SD
11.9) versus 58.6%, SD 10.8;
P<.001 and nontechnical
33.7%, SD 4.4 versus 30.9%,
SD 4.9 points; P<.001.

the ESCy. Secondary
outcome: nontechnical
performance
McEvoy et al
2016 [27]

RCT

259

Anesthesiologists

Systems-based: A 20-question test reGuideline com- garding clinical scenarpliance
ios related to ASRAz
guidelines using ASRA
Coag app versus any
resource except the app
(control). Primary outcome: test score

App group (92.4%, SD 6.6)
scored higher than control
(68.0%, SD 15.8; P<.001). App
use increased the odds of selecting correct answers (7.8, 95%
CI 5.7-10.7).

Rothman et al
2013 [28]

Cross-sectional

N/A

N/A

Systems-based

Message sent with VigiVu versus paging
system. Primary outcome: transmission and
receipt times calculated
as their differences.

Mean latencies <1 sec for iPad
and iPod devices and <4 sec for
iPhone. Service performed better than third party paging systems (Aquis paging system had
0.6% incidence of prolonged
message delivery, >100 sec)

Rubin et al
2017 [29]

Retrospective

N/A

Clinical anesthesia
personnel

Systems-based: Two years before interMedication
vention used as the
Safety
baseline rates of adverse event reporting.
Primary outcome:
monthly reporting and
same-day adverse event
reporting compared before and after app implementation.

Median reported 12 events for
the first year, 14 for the second
year, and 20 after the introduction of the mobile app (P=.01).
The rate of same-day reporting
increased by 10% after the introduction of the app (P=.048).

Burstein et al
2018 [30]

Feasibility

N/A

N/A

Medical education

It was implemented in 2015
with data collection until 2021.
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An app that to teaches
Bier block.
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Study

Design

Sample, N

Sample characteristics

Category

Methods

Results

De Oliveira et
al 2013 [31]

RCT

20

Medical students

Medical education

Students were randomized to intervention
(iLarynx app for 30
min) versus control (no
iLarynx access). Primary outcome: the time
required to advance
fiberscope from the
mouth up to the carina
on a mannequin. Failed
if carina not seen in
<120 sec.

80% of the control group failed
versus 20% in the intervention
group (P=.01). 24 failed attempts in the control group and
4 in the iLarynx group
(P<.005).

Linganna et al
2020 [32]

RCT

18

Anesthesiology resi- Medical educadents
tion

Traditional intraoperative teaching of transesophageal echocardiography (control) vs access to EchoEducator
app. Primary outcome:
score increase from
preintervention to
postintervention assessment.

Intervention group demonstrated a greater increase in score;
(plus 19.19%, 95% CI 4.14%34.24%; P=.02) compared to
control.

RCT: randomized controlled trial.

b

m-YPAS: modified Yale Perioperative Anxiety Scale.

c

OR: operating room.

d

PPV: pulse pressure variation.

e

CO: cardiac output.

f

dP/dt: max slope of pressure curve.

g

NMB: neuromuscular block.

h

TOF: train of four.

i

N/A: not applicable.

j

PPVapp: pulse pressure variation by app.

k

PPVman: pulse pressure variation by manual calculation.

l

PPVCAP: pulse pressure variation using Capstesia.

m

SVVPC: stroke volume variation using pulse contour analysis.

n

PPVPC: pulse pressure variation using pulse contour analysis.

o

COCAP: cardiac output using Capstesia.

p

COTD: cardiac output using thermal dilution.

q

AUROC: area under the receive operating characteristic

r

VAS-100: visual analog scale-100.

s

NRS-11: numeric rating scale-11.

t

SwQoR: Swedish Quality of Recovery.

u

RAPP: recovery assessment by phone points.

v

ISI: incentive spirometer index.

w

FPS-R: faces pain scale-revised.

x

CAS: color analog scale.

y

ESC: European Society for Cardiology.

z

ASRA: American Society of Regional Anesthesia and Pain Medicine.

Discussion
Patient-Centered Care
Within anesthesia, the perioperative surgical home has arisen
as a model that encompasses the goals of patient-centered care
[33]. Mobile apps will play a large role in this area as they can
https://www.jmir.org/2021/9/e25115
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directly engage patients before they arrive at the hospital and
after their procedures. By providing on-the-go education,
monitoring, and behavioral interventions, the anesthesia team
can reduce patient anxiety preoperatively, increase
communication through real-time mobile interactions
perioperatively, and improve compliance with perioperative
instructions.
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Preoperative Interventions

Intraoperative Monitoring

Mobile apps provide an opportunity to decrease anxiety without
additional sedatives in the pediatric population. Preoperative
anxiety in pediatric populations is estimated to be as high as
50% [34]. Lee et al randomized 120 children between ages 1
and 10 (ASA I, II) who were undergoing elective surgery to
receive intravenous midazolam (M), behavioral intervention
through smartphone applications (eg, Soundtouch interactive,
Pororo Sticker Book, Angry Bird) tailored to the child’s
developmental status and preferences (S), or both (SM). While
they found that anxiety using the modified Yale Preoperative
Anxiety Scale (m-YPAS) was lower post-intervention for all
three groups (M group: mean 52.8, SD 11.8 vs mean 41.0, SD
7.0; S group: mean 59.2, SD 17.6 vs mean 36.4, SD 7.3; SM
group: mean 58.3, SD 17.5 vs mean 26.0, SD 3.4), the S group
had lower anxiety levels relative to the M group (P<.01), and
the SM group had the lowest level of anxiety (P<.01) [5].

Digital mHealth apps have also been tested as tools to enhance
intraoperative monitoring. An ideal mobile app for intraoperative
monitoring should be easy-to-use, accurate, noninvasive,
cost-effective, and reliable. Capstesia (version 1.1.6; Galenic
App SL) is an inexpensive and attractive smartphone app used
to calculate pulse pressure variations (PPV) and cardiac output
(CO) from a picture taken of the arterial waveform on a monitor
screen. In a simulated environment comparing 408 pairs of PPV
readings, Capstesia’s PPV demonstrated acceptable accuracy
compared with the manual PPV if at least 3 photos of the
waveform were taken (measurement error <12%). Accuracy
was improved if it was averaged across 5 photos [9] but is less
practical in the OR setting. Additional validation studies showed
that Capstesia had a percentage of error of 20% for PPV and
13.8% for CO among 20 patients in the intensive care unit [7].
However, when the app was studied in 57 patients undergoing
elective cardiac surgeries, its calculated PPV only weakly
predicted fluid responsiveness (sensitivity of 73%, 95% CI
0.54-0.92, and a specificity of 74%, 95% CI 0.48-0.90) [11].
When comparing Capstesia’s PPV to stroke volume variation
from an uncalibrated pulse wave analysis monitor, Joosten et
al found that there was 79% overall agreement between the two,
with a kappa coefficient of 0.55 [10]. These results demonstrate
the promise and difficulties of creating a mobile app for
real-world clinical intraoperative settings.

In another randomized controlled trial (RCT) of 84 pediatric
patients ages 4 to 8, the children’s median anxiety levels were
lower for patients in the smartphone group (parents verbally
informed of the anesthetic procedure and child received
smartphone app) versus the control group (parent verbally
informed about the anesthetic procedure only). The smartphone
group had significantly lower m-YPAS scores compared to the
control group, measured in the operating room (OR) before
anesthesia induction (55.0 vs 23.4; P<.001) [4]. The ability to
tailor mobile app choices to a child’s developmental stage
demonstrates how mobile technology can be customizable for
individual patients.
Another novel use for smartphone apps in the preoperative area
is to improve dynamic communications using a centralized
platform such as Listeo+. The Listeo+ app provides personalized
information to patients, reminders for preoperative
recommendations, and a channel for various provider
communications. Listeo+ is currently being tested in a
multicenter RCT to evaluate the percentage of compliance to
preoperative recommendations, thereby decreasing the rate of
surgery cancellations [35].
Mobile apps, such as a preoperative functional capacity app,
can assist with preoperative risk assessment, even before the
patient enters the health care facility. At the University of
Chicago, the Step Test app integrates the Duke Activity Status
Index (DASI) with the 6-minute walk test (6MWT) [6]. Step
Test uses voice prompts and Apple’s CMPedometer to derive
calculated step counts for the 6MWT. Rubin et al demonstrated
that Step Test’s estimated steps exhibited good agreement with
a research-grade pedometer in a cohort of 78 patients (intraclass
correlation coefficient of 0.87; P<.001). The app facilitates
efficient administration of DASI and 6MWT and provides
immediate data to providers without occupying clinic staff.
Future applications may include improving functional capacity
through patient optimization before procedures. In summary,
emerging mHealth apps demonstrate their potential to transform
preoperative care by decreasing anxiety and providing
coordinated, efficient care. Hopefully, in the future, providing
an interface to optimize patient health status before surgery to
improve outcomes.
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Digital mHealth apps have also shown promise in intraoperative
neuromuscular blockade (NMB) assessment. Often, recovery
of NMB is done subjectively due to the lack of accelerators
[36,37] and can result in residual weakness and respiratory
complications [38]. In a sample of 22 patients, Carvalho et al
demonstrated a strong correlation between train-of-four ratios
obtained by a standard accelerometer against an Android app
used with the phone attached to the patient’s hand (R=0.98).
The app also had a small mean difference (0.0004, 95% limits
of agreement +/ 0.12) against standard accelerometry [8]. Thus,
the digital app is a feasible way to assess NMB. However,
further studies are needed to demonstrate efficacy before the
widespread application of mobile apps as monitoring devices
in the OR.

Postoperative Monitoring
There is an increasing focus on patient-reported outcome
measures (PROM), alongside traditional biomarkers, in
evaluating clinical care [39]. Mobile apps have emerged as an
exciting new tool to track PROMs such as symptoms, pain, and
satisfaction with health care delivery beyond the inpatient stay.
Apps have been tested in clinical trials demonstrating initial
feasibility and cost-effectiveness compared to the standard of
care [13,15,16].
One important measure that mobile apps help track is poorly
managed acute postoperative pain, which can be related to
increased risk of psychological morbidity, decreased quality of
life (QoL), and chronic postsurgical pain [40]. The application
Pain Assessment using a Novel Digital Application (Panda)
contains electronic versions of the faces pain scale revised
(FPS-R) and color analog scale (CAS). Figure 1 demonstrates
both the original FPS-R and the electronic version seen on the
J Med Internet Res 2021 | vol. 23 | iss. 9 | e25115 | p.113
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app. In a prospective study of 62 patients, the app version
correlated strongly with original scores at various postoperative
time points (FPS-R: r>0.93; CAS: r>0.87) [19] and was
preferable to the paper version (81% of FPS-R and 76% of CAS
participants). Therefore, digital apps may improve adherence
to self-reported pain. Additionally, in a study of 156 adult
patients undergoing procedures commonly associated with

Pan & Rong
postsurgical pain, Chiu et al found that the app version of the
numeric rating scale 11 pain scores were equivalent to that of
the paper version when used in adult patients following
emergence from anesthesia and at discharge from the
postanesthesia care unit [12]. The use of Panda in both adults
and pediatric patients demonstrates the app's potential to be
used in a variety of patient populations.

Figure 1. Original faces pain scale-revised (top) and adapted electronic faces pain scale-revised for Panda app (bottom) (reproduced with permission
from John Wiley and Sons) [19].

Another postoperative mobile app was built for patient-initiated
inquiry to identify complications earlier and improve patients’
QoL after surgery. An RCT of 1027 day-surgery patients
examined postoperative follow-up with a smartphone app known
as recovery assessment by phone points (RAPP). The authors
found that there were lower health care costs associated with
smartphone app follow-up compared to standard of care
follow-up (€60.69 vs €37.29; P=.008 with a mean difference
of €23.66). However, after the intervention costs were included,
net savings were only €4.77 per patient [13]. Patients using the
RAPP also reported better global Swedish Quality of Recovery
compared to patients using paper assessments on postoperative
day 7 (28.23, SD 29.97 vs 34.87, SD 30.68; P<.001) and
postoperative day 14 (20.12, SD 26.19 vs 21.90, SD
22.40; P=.002) [16]. The study also helped determine that most
patient inquiries (62%) occurred 1 to 7 days postsurgery, most
commonly related to the surgical wound (43/119, 36%) and
pain (33/119, 28%) [14].
mHealth apps can also incentivize patients to improve
respiratory mechanics postoperatively. The Go-breath app was
tested in 42 patients who received general anesthesia undergoing
a robotic or laparoscopic surgery or laparotomy to encourage
the improved use of incentive spirometry (IS). Although it is a
nice concept, patients who used the Go-breath app did not score
statistically higher on the incentive spirometer index (frequency
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of IS use over two days) compared to patients who did not
(113.5 vs 93.2; P=.22) [18].
Mobile apps can also provide a platform for multidisciplinary
care in the postcesarean section period. For example, in a
feasibility study including 15 patients of an app designed with
obstetric anesthesiologists, 80% of patients used the app at least
twice to self-monitor for complications and access pain control
resources, thus increasing the amount of patient monitoring for
common postcesarean complications and pain [17].

Systems-Based Improvement
For anesthesiologists, smartphone apps are a convenient and
accessible way to improve patient safety and quality of care
[41,42] through medication safety, adverse event rates, guideline
adherence, and responsiveness to emergencies.
For example, immediate response to OR emergencies is of
utmost importance, with patient safety and outcomes on the
line. Anesthesiologists at Vanderbilt have built an extensive
iOS platform known as VigiVu to improve responsiveness
through real-time OR videos, vital signs, anesthetic
interventions, voice and text communication, and electronic
medical record access [25]. Rothman et al demonstrated the
superior reliability of the app’s push notifications compared to
traditional paging systems—only 0.03% of iPhone notification
latencies were over 100 seconds compared to 0.6% for
third-party paging latencies [28]. Similarly, anesthesiologists
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at the University of British Columbia developed an iPhone app,
telePORT, to support team-based communication and real-time
OR monitoring. Initial results showed that telePORT was
successfully integrated for OR help requests (4.5 requests per
day) and OR monitoring, representing 34% of app visits [22].
The use of smartphone apps in these situations increases patient
safety by prioritizing emergency situations and proper resource
allocation. Additionally, data collection from patient monitoring
and outcomes in mobile apps can also be utilized for both quality
improvement and clinical research in the future.

Medication Safety and Adverse Event Reporting
Mobile apps have also been used to increase adverse event
reporting through transparent and convenient processes that
help further a culture of safety and quality. An iOS and Android
adverse event–reporting app was developed at the University
of Chicago (see figure 1 in Rubin et al [29] for an example of
the iOS interface used to report events). After implementation,
median monthly reporting rates for all providers increased from
12 to 20 (P<.001), with same-day reporting increasing by 10%
during the intervention period (P=.048) [29]. Similarly, apps
have shown efficacy in monitoring global adverse events
regarding the administration of newer drugs. Jabaley et al
repurposed a calculator app (Anesthesiologist) to distribute a
survey regarding adverse drug reactions associated with
sugammadex administration. Using the mobile app, the
investigators gathered data from 2770 anesthesia providers that
had experience administering the drug across 119 countries
[24], demonstrating that an app may be used for crowdsourcing
and surveilling new drugs. The app survey found that
anaphylaxis rates were estimated to be between 0.005%-0.098%,
and 22.7% of survey responders reported witnessing any
sugammadex-related adverse drug reactions such as bradycardia
and incomplete reversal of NMB [24].
Finally, anesthesiologists have historically used smartphones
to calculate drug dosages. Baumann et al compared the
probability of administering accurate medication dosages in
emergency simulations with a dosage calculator app versus
without it [21]. The probability of an accurate dose
administration was higher in the app group compared to the
control group (94%, SD 90-97.8 vs 77.7%, SD 70.9-84.5) [21].
Apps are often used for medication conversion in the outpatient
pain management setting as well. For example, there are many
opioid conversion applications designed to reduce medication
errors. However, these apps should be used cautiously. In a
study examining 23 opioid apps, only 50% provided direct
references to sources for their conversion ratios, and over 50%
had no documented medical professional involvement [23]. The
conversion from 1 mg of oral morphine to oral hydromorphone
was statistically different between apps with medical
professional involvement versus those without (0.24 vs. 0.25;
P=.04), demonstrating that there may be varying degrees of
reliability for these mobile apps.

Guideline Compliance
Built-in smartphone-based decision support tools can similarly
improve adherence to anesthesia guidelines to reduce technical
errors. Numerous reports have found that poor application of
guideline standards results in worse patient safety outcomes
https://www.jmir.org/2021/9/e25115
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[43-45]. However, guidelines are numerous, lengthy, and
cumbersome to follow. In an RCT across eight institutions, 259
anesthesiologists completed a test requiring the application of
the American Society of Regional Anesthesia and Pain Medicine
(ASRA) guidelines to clinical situations. The intervention group
used an electronic decision support tool, ASRA Coags, which
was programmed with the latest guidelines and decision logic,
and the control group used any other resource. The authors
found that the intervention group had a significantly higher
score on a clinical scenario knowledge test (92.4 vs 68.0;
P<.001) compared to the control group [27], irrespective of
training. Together, these studies show the potential for mobile
apps to act as a platform for the rapid application of complex
guidelines in clinical situations, potentially reducing adverse
events, preventing errors, and improving the quality of care.
Mobile apps have also been developed to improve performance
in high-stress situations in lieu of posters, flow charts, and
checklists. For example, MAX, a handheld cognitive aid app,
was used as an intervention in a RCT of 52 anesthesia residents.
Results demonstrated that residents performed better technically,
as rated by independent observers when using MAX in simulated
crises compared to without MAX use (81.6%, SD 11.9 vs 58.6%,
10.8; P<.001). The app also improved leadership (P=.003),
problem-solving (P<.001), and resource-using (P=.006) as
assessed by the Ottawa Global Rating scale [26].

Medical Education
The landscape of medical education is changing from the
traditional model of classroom teaching to models such as the
flipped classroom and asynchronous learning. Mobile
technology enables asynchronous learning—a time and
location-independent learning model—with greater access to
online modules, podcasts, and videos. For example, smartphone
apps have now been developed for point-of-care learning of
regional anesthetic procedures such as the Bier Block [30].
These apps may provide an all-in-one learning center with
videos, cognitive aids, dose calculators, self-timers, and
evidence-based references readily available at the learner's
convenience [30]. Additionally, education apps use gamification
or game-design elements to increase user motivation. Linganna
et al developed EchoEducator, a mobile app with
transesophageal echocardiography image-based content, and
tested it against traditional intraoperative teaching amongst 18
anesthesiology residents over two weeks (please see figure 2 in
Linganna et al [32] for examples of questions testing pathology
and structures as well as the feedback the resident receives).
The app group had a greater knowledge increase than the control
group (+19.19%, 95% CI 4.14-34.24; P=.02) in an assessment
based on the perioperative transesophageal echocardiography
exam [32]. Residents also reported that they would recommend
the app to others because of its content customizability and
convenience.
Another application of mobile apps in medical education is
through simulation. For example, iLarynx utilizes the iPhone’s
built-in accelerometer to mimic hand movements for fiberoptic
intubation. When tested in 20 novice medical students, 80% of
students in the standard training group had at least one failed
attempt (>120 seconds) of visualizing the carina compared to
J Med Internet Res 2021 | vol. 23 | iss. 9 | e25115 | p.115
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20% of students in the iLarynx group (P=.01). There was also
continued group improvement in the iLarynx group but not in
the standard training group [31].

Current Obstacles and Future Directions
Despite the many functions that mobile technology could fulfill
in anesthesia, various obstacles, including low patient
participation, privacy and security, provider responsibility, and
shifting workplace norms, ultimately impede their
comprehensive integration into the clinical environment. For
example, preoperative and postoperative monitoring
interventions depend on patient interaction and motivation.
While there are some reports of high adherence to mobile app
interventions [15], other studies show a poorer response rate,
especially among the elderly—a large hurdle in app development
[20]. Intraoperative apps need to be assessed for ease of use,
reliability, and accuracy in the OR and not distract
anesthesiologists. Monitoring apps, although promising, need
more clinical validation across a range of populations.
More evidence is needed to demonstrate mobile apps can
meaningfully improve clinical outcomes moving forward.
Large-scale, prospective studies with outcomes data are
necessary to provide sufficient evidence for widespread
implementation. Investigators should also consider using the
mHealth evidence reporting and assessment guidelines, which
address the complex nature of mobile technology research [46].

Limitations
Similar to all narrative reviews, this review is limited by the
lack of appraisal criteria for included studies. Additionally, only
mobile apps derived from the scientific literature have been
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included. Thus, there are likely mobile applications apps not
studied in the literature that were omitted. We have performed
a qualitative review of the search and included only studies that
fit into the categories we created, thus excluding other studies.
There are additional limitations to the mHealth apps described.
Many are often inadequately tested clinically, lack efficacy data,
and do not adhere to standard guidelines. Similarly, there are
limited guidelines and protocols on how to use the data collected
by these apps, despite their potential for engaging a wide
population. Future research should explore if patient engagement
through smartphone apps may increase efficiency, patient
satisfaction, and outcomes during the perioperative period.

Conclusion
With the rapid uptake of smartphones amongst patients and
clinicians alike, mobile applications will likely play a larger
role within anesthesiology in the future. mHealth apps have
novel roles in improving patient care, efficiency, and
intraoperative monitoring during surgery. Mobile apps have
also been shown to facilitate systems-wide change by creating
a culture of improving patient quality and safety. However, as
the field of anesthesiology moves forward into the digital health
space, demonstrating feasibility is not sufficient; clinicians must
critically evaluate mobile app study protocols and rigor. Despite
studies with smaller populations and simulated environments,
this review still finds emerging evidence that mHealth
applications have the potential to significantly improve
communication between anesthesiologists, improve workflow
efficiency, enhance medical education, and reduce hospitals’
costs in the perioperative arena.
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Abstract
Background: Self-tracking technologies are widely used in people’s daily lives and health care. Academic research on self-tracking
and the quantified self has also accumulated rapidly in recent years. Surprisingly, there is a paucity of research that reviews,
classifies, and synthesizes the state of the art with respect to self-tracking and the quantified self.
Objective: Our objective was to identify the state of the art of self-tracking and the quantified self in terms of health and
well-being.
Methods: We have undertaken a systematic literature review on self-tracking and the quantified self in promoting health and
well-being. After a rigorous literature search, followed by inclusions, exclusions, and the application of article quality assessment
protocols, 67 empirical studies qualified for the review.
Results: Our results demonstrate that prior research has focused on 3 stakeholders with respect to self-tracking and the quantified
self, namely end users, patients and people with illnesses, and health care professionals and caregivers. We used these stakeholder
groups to cluster the research themes of the reviewed studies. We identified 11 research themes. There are 6 themes under the
end-user cluster: user motivation and goal setting, usage and effects of self-tracking, continuance intention and long-term usage,
management of personal data, rejection and discontinuance, and user characteristics. The patient and people with illnesses cluster
contains three themes: usage experience of patients and people with illnesses, management of patient-generated data, and advantages
and disadvantages in the clinical context. The health care professional and caregiver cluster contains two themes: collaboration
among patients, health care professionals, and caregivers, and changes in the roles of patients and professionals. Moreover, we
classified the future research suggestions given in the literature into 5 directions in terms of research designs and research topics.
Finally, based on our reflections on the observations from the review, we suggest four future research directions: (1) users’
cognitions and emotions related to processing and interpreting the information produced by tracking devices and apps; (2) the
dark side of self-tracking (eg, its adverse psychosocial consequences); (3) self-tracking as a societal phenomenon; and (4) systemic
impacts of self-tracking on health care and the actors involved.
Conclusions: This systematic literature review contributes to research and practice by assisting future research activities and
providing practitioners with a concise overview of the state of the art of self-tracking and the quantified self.
(J Med Internet Res 2021;23(9):e25171) doi:10.2196/25171
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self-tracking; quantified self; health; well-being; systematic literature review; literature review
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Introduction
Self-tracking—also referred to as the quantified self,
self-monitoring, lifelogging, personal analytics, and personal
informatics [1]—has become pervasive in people’s daily lives
and increasingly common in health care. For example, health
and fitness ranked ninth out of 34 categories on the App Store,
accounting for 3.41% of all the available apps [2,3]. In Google
Play, health and fitness apps ranked 13th out of 33, accounting
for 3.53% of all the available apps [4]. Moreover, the App Store
hosted 48,608 apps for health care purposes, and Google Play
47,140 in the third quarter during 2020 [5,6]. Although global
smartwatch shipments have been estimated to exceed 100
million units in 2020 and continue to grow in 2021 [7],
self-tracking tools have become available for increasing numbers
of people across the globe.
Research on self-tracking and the quantified self has proliferated
rapidly in recent years [8-14]. This growth calls for review
studies that help enrich the knowledge base by classifying and
synthesizing prior research and providing directions for future
research activities [15,16]. However, dedicated review studies
are scant in the most recent literature on self-tracking and the
quantified self. Altogether, the extant literature features 8 review
studies [17-24], of which 5 have been published in journals
[17-19,22,24] and 3 in conference proceedings [20,21,23].
Moreover, some of the prior review studies have not focused
exclusively on self-tracking or the quantified self. For example,
Paton et al [18] focused on wearable self-tracking devices, social
media platforms used by the self-tracking community, and
personal health records. West et al [19] conducted a review of
self-tracking in the context of patient-generated data, whereas
Lentferink et al [24] identified the key components of
self-tracking and persuasive eCoaching in automated healthy
lifestyle interventions to improve the design of these
interventions. Therefore, a review focusing only on the
quantified self and self-tracking is needed.
Third, with respect to the scope, prior review studies have
typically focused on a certain subset of the literature. For
example, Moya et al [20] focused on the adoption and utilization
of self-tracking technologies. Almalki et al [17] limited their
scope to studies that applied activity theory for health
self-quantification. Jiang and Cameron [22] only focused on
self-monitoring in the context of chronic disease. Furthermore,
most of the extant reviews covered a relatively small number
of studies. The number of studies covered by the prior reviews
are 43 [21], 32 [24], 28 [23], 26 [17], and 23 [19] respectively,
and one of the prior reviews did not clearly mention the number
of reviewed studies. Considering these limitations in terms of
the scope of prior reviews and the increasing research volume
on self-tracking and the quantified self, there is a need for an
up-to-date and comprehensive literature review.
To address this gap in the literature, we undertook a systematic
literature review (SLR) of the research on self-tracking and the
quantified self in terms of health and well-being. The purpose
of this study can be summarized as follows: (1) to identify
high-quality contributions in the area, (2) to classify the
literature based on publication channels, research methods,
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theoretical backgrounds, and variables used, (3) to synthesize
the main research areas and research themes, and (4) to identify
future research directions. The final pool of the reviewed articles
comprised 67 empirical studies.
We mapped the research subjects of the reviewed articles and
identified three main stakeholder groups: end users, patients
and people with illnesses, and health care professionals and
caregivers. For the end users, the primary usage of self-tracking
is for tracking exercise, daily activity levels, and sleep. For the
two other stakeholder groups (ie, patients and people with
illnesses as well as health care professionals and caregivers),
the primary usage of self-tracking is to support the treatment
of an illness or other medical conditions. We further used these
stakeholder groups for clustering the research themes of the
reviewed studies. By mapping the research themes, examining
the focal constructs of the prior studies, synthesizing the future
research directions, and finally reflecting on the findings and
suggesting new research areas, this study aids in building future
research efforts [15,16].
The remainder of the paper is structured as follows. The
background and related works are discussed next followed by
the research methodology and details of the article selection
procedure. Then, we report the results of the analysis. Finally,
the implications, limitations, and some directions for future
research are discussed. Multimedia Appendix 1 presents the
article search strategy. Multimedia Appendix 2 contains the
quality assessment criteria used for selecting the articles to be
included in the review. Multimedia Appendices 3, 4, and 5
contain detailed information about the reviewed articles.
Multimedia Appendix 6 presents a summary of the reviewed
studies based on their foci and research theme matrices.

Background and Related Works
Self-tracking and the Quantified Self
Self-tracking and the quantified self are not new labels. As early
as the 1970s, wearable computers for self-tracking were used
as forms of personal surveillance [25]. In 2001, a small number
of media practitioners began to use newly available digital
technology to track their daily life for designing web 1.0
interfaces [26]. According to Lupton [1], self-tracking “involves
practices in which people knowingly and purposively collect
information about themselves, which they then review and
consider applying in their lives.”
As further pointed out by Lupton [1], in addition to self-tracking,
there are several other terms—such as lifelogging, personal
informatics, and the quantified self—used to describe the
practices by which people may seek to monitor their everyday
life. Lifelogging can be viewed as the practice of recording
information about one’s life using digital tools. Personal
informatics is a term used mostly in the academic
human-computer interaction community [1]. The concept of
the “quantified self,” originally coined by Wolf and Kelly in
2007, refers to “self-knowledge through numbers” [1]. They
used quantitative data as a means or an embodiment of
monitoring the elements of everyday life. The term can be
further viewed as a collaboration between users and toolmakers
[27], a cultural phenomenon involving technology [8], and an
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outcome of self-tracking [28]. In fact, the original intention of
Wolf and Kelly was to use the term “the quantified self” to
describe this digital self-tracking phenomenon [1].

Health and Well-being
According to the World Health Organization, health is explicitly
linked with well-being, which is “a state of complete physical,
mental, and social well-being and not merely the absence of
disease or infirmity” [29]. With the development and diffusion
of wearable, wireless communication, and cloud computing
technologies, self-tracking devices can not only provide data,
but also refine them into key performance indicators and produce
visualizations of these data. People use self-tracking
technologies to self-collect personal data including biological,
physical, behavioral, or environmental information [30,31].
Moreover, according to Lupton (2016), the domain of
self-tracking today also includes relationships and work
productivity. In the scope of self-tracking or the quantified self,
health and well-being are the main tracking domains. People
who knowingly and purposively track their health and
well-being information (such as heart rate, sleep, physical
activity, calories, clinical symptoms, stress, and recovery) to
review and modify their lives widely use self-tracking devices.

Feng et al
Communication research has discussed topics such as
self-tracking as a communicative phenomenon with social
media, the self, and social networks of peers [35]. Furthermore,
sociological studies have discussed ways of attributing meaning
to data-gathering practices in terms of the quantified self [36].
Prior literature also includes research focusing on the societal
and ethical concerns regarding self-tracking [37], including the
value of personalized health care. In medicine, prior studies
have explored the clinical experience of self-tracking
technologies in the context of chronic diseases [38,39] and use
of self-tracking devices in rehabilitation [40,41]. Finally,
research on information systems has examined themes such as
user acceptance of self-tracking, user motivation, and goal
attainment related to self-tracking and the quantified self
[42-44].
To keep the scope of the study manageable, we deliberately
focused on self-tracking and the quantified self, executed via
devices, apps, and platforms, and excluded digital diaries and
video recordings to focus solely on the role of self-tracking in
health and well-being. Moreover, we focused on empirical
research where the primary research subjects are humans. Thus,
purely technical papers and articles focusing on products,
services, and markets were excluded.

Related Works
Self-tracking and the quantified self have been examined in
various disciplines and from various theoretical and
methodological premises. For example, the computer science
research field has examined wearable augmented reality systems
based on walking locomotion analysis [32] and developed
algorithms for monitoring sleep [33]. The relevant literature
also indicates certain design considerations, such as presenting
negative data in a way that does not demotivate users [34].

Methods
Research Questions
The purpose of the SLR is to determine the current state of
research on self-tracking and the quantified self in the domain
of health and well-being. To this end, we address 6 specific
research questions (RQs) that are presented in Table 1.

Table 1. Research questions.
Number
RQ1

a

a

Research question
How has the volume of publications on self-tracking and the quantified self in the domain of health and well-being evolved?

RQ2

What are the most important publication channels?

RQ3

What research methods have been used?

RQ4

What theoretical backgrounds and variables have been employed?

RQ5

What recurring research themes can be identified from the literature?

RQ6

What future research directions can be synthesized from the literature?

RQ: research question.

Research Design
SLRs have been developed as a specific method for identifying
and synthesizing research findings [45]. They are considered
particularly useful to disseminate the key findings of large and
complex bodies of research. SLRs employ a transparent and
rigorous approach (review protocol) to identify and synthesize
all available research findings of sufficient quality concerning
a specific research question or subject [46]. According to Victor
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[47], an SLR differs from a traditional literature review owing
to its specific emphasis on the following features: (1)
comprehensive coverage of the literature as far as possible; (2)
paying careful attention to the quality of the included evidence;
(3) taking a clear, systematic approach to data synthesis, and
(4) generally following transparent and rigorous processes. In
this research, we followed a well-established 8-step review
protocol [48]. Figure 1 summarizes the review process.
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Figure 1. Review process.

Database and Search Syntax
Articles were obtained from five academic databases: Scopus,
Web of Science, PubMed, Taylor & Francis, and the Association
for Information Systems eLibrary. The search strategy included
keywords such as “self-track*,” “self track*,” “quantified self,”
“quantified-self,” “self quantif*,” and “self-quantif*.” We
limited the search to journal and conference papers published
in English. After conducting the literature search in the 5

databases, we eliminated duplicates. The details of the search
strategy are shown in Multimedia Appendix 1.

Inclusion and Exclusion Criteria
Two authors (SF and MM) conducted the inclusion/exclusion
procedure, prepared notes, and exchanged information
throughout the process. Citation chaining was conducted to
further reinforce the comprehensiveness of the article search.
Textbox 1 presents the inclusion and exclusion criteria.

Textbox 1. Inclusion and exclusion criteria.
Inclusion criteria (IC)
IC1: Studies with the main topic (title/abstract/keywords) containing self-tracking or the quantified self
IC2: Studies published in a peer-reviewed journal or scientific conference
IC3: Studies published in English
IC4: Studies with title/keywords/abstract-based screening
IC5: Studies with full-text–based screening
IC6: Studies with humans as primary empirical research subjects
IC7: Studies based on citation chaining
Exclusion criteria (EC)
EC1: Studies with matching title and digital object identifiers
EC2: Studies whose main topic is not self-tracking or the quantified self (digitized self-tracking and self-quantification via mobile devices, apps, and
platforms; ignore diary and video recordings)
EC3: Studies where the purpose of the paper is not improving health and well-being
EC4: Studies that are not empirical studies (literature reviews, conceptual papers, technical papers, or editorials)
EC5: Studies in which the primary empirical subjects are not human, such as products, services, or markets
EC6: Studies based on quality assessment
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Quality Assessment
Quality assessment is a step in the SLR process conducted to
ensure that the results of the review are suitable and impartial
by identifying the articles that are not of sufficient quality to be
included in the sample pool in an objective and replicable
manner [48]. The quality assessment protocol incorporates the
research method, structuring, implications (contributions or
implications), and limitations, and ranking of the publication
channel. The maximum total score from the assessment was
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8.5. The criteria for quality assessment are presented in Table
2. To further ensure the high quality of the articles included in
the review, we followed the approach proposed by Idri et al
[49] and Behera et al [50] and set 50% of the maximum quality
score as the threshold for a paper to be included in the in-depth
review. Hence, 17 articles that received a total score of less than
half of the maximum score (ie, 4.25) were omitted from the
review. The quality score of each article can be found in
Multimedia Appendix 2.

Table 2. Quality assessment criteria.
Criterion
a

Description

References

QA1

The empirical study adopts a qualitative, quantitative, or mixed method approach. The possible answers are [50]
mixed method (+2), and quantitative or qualitative research (+1).

QA2

The study is a fully structured article divided into four basic sections: introduction, methods, results, and
discussion. The answers are Yes (+1) and No (+0).

[51]

QA3

The study unequivocally describes the research process in sufficient detail. A quantitative study shows the
questionnaire items, a qualitative one the coding and categorization process, and an experimental one the
details of the experiment. The answers are Yes (+2), Partially (+1), and No (+0).

[17]

QA4

The study clearly documents the research implications (contributions or implications) and limitations. The
answers are Yes (+2), Partially (+1), and No (+0).

[50]

QA5

The study was published in a reliable and recognized publication journal.

[49,52]

Based on Journal Citation Reports (JCR: an annual publication that provides information about academic
journals with impact factor data): journal in the top 25% (Q1 +1.5), in the 25%–50% group (Q2 +1), in the
50%–100% group (Q3 or Q4 +0.5), and no JCR ranking (+0).
Conference ranking based on CORE (conference ranking portal): CORE A* or A (+1.5), CORE B (+1),
CORE C (+0.5), and no CORE ranking (+0).
a

QA: quality assessment.

Pool of Articles Included in the Review

conference proceedings. Figure 2 presents the pool of articles
in each stage of the inclusion and exclusion procedure.

Finally, 67 articles were selected as the final sample, of which
42 were journal articles and 25 articles were published in
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Figure 2. Inclusion and exclusion procedure. AIS: Association for Information Systems; IC: inclusion criterion; EC: exclusion criterion; WoS: Web
of Science.

Results
RQs 1 and 2: Publications by Year and Channel
In the pool of articles included in the review, the first was
published in 2013. As shown in Figure 3, the number of papers
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published per year increased from 2013 until 2019. Table 3
presents the most popular publication channels. A considerable
proportion of the conference papers appeared in information
systems conferences, whereas the journal articles were published
mostly in outlets focusing on health.
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Figure 3. Articles included in the review by year.

Table 3. Most common publication channels (number of publications greater than 1).
Conference/journal

Number of papers, n (%) (N=67)

Conference
Conference on Human Factors in Computing Systems

6 (8.96)

Americas Conference on Information Systems

3 (4.48)

Pacific Asia Conference on Information Systems

2 (2.99)

International Conference on Information Systems

2 (2.99)

Other conferences

12 (17.91)

Total

25 (37.31)

Journal
Computers in Human Behavior

5 (7.46)

JMIR mHealth and uHealth

5 (7.46)

Journal of Medical Internet Research

4 (5.97)

Digital Health

2 (2.99)

Health Sociology Review

2 (2.99)

International Journal of Human-Computer Studies

2 (2.99)

Sociology of Health and Illness

2 (2.99)

Telemedicine and e-Health

2 (2.99)

Other journals

18 (26.87)

Total

42 (62.69)

RQ 3: Distribution of Articles by Study Method
We categorized the pool of studies based on the research
methods (see Figure 4). For this purpose, we examined how the
empirical data were collected. The 2 most commonly used
methodologies were mixed-methods research and interviews.
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In the mixed-methods research category, combining surveys
with interviews was the most frequently used investigative
approach. Most of the experimental research was conducted in
a longitudinal fashion. Multimedia Appendices 3, 4, and 5
provide more information about the reviewed studies, including
theories, methods, and focal constructs.
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Figure 4. Pool of articles reviewed by research methods (total number of articles=67).

RQ 4: Theoretical Backgrounds and Variables on
Self-tracking and the Quantified Self
In our pool of 67 studies, 39 articles explicitly stated the
theoretical foundation on which their studies were based. The
remaining articles typically discussed prior literature but did
not explicitly build on any theoretical foundation. This includes
articles using the grounded theory methodology to build or
contribute to theory [38,53-55]. In the aforementioned 39
articles, 18 studies used theories to develop hypotheses and
research models to be tested with quantitative methods, whereas
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in 21 studies, the primary role of the theory was to support
qualitative research.
Among the 18 quantitative studies with explicitly stated
theoretical backgrounds, the most widely used theoretical lenses
were the technology acceptance model (TAM) and
self-determination theory. Understandably, these theoretical
backgrounds were common among studies focusing on
self-tracking behaviors, motivations, goals, and use continuance.
Table 4 provides information about the theoretical backgrounds
and dependent variables of the studies where the theoretical
foundation was explicitly stated. Multimedia Appendices 3, 4,
and 5 provide more details about the reviewed articles [56-68].
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Table 4. Theoretical backgrounds and dependent variables.
Dependent variable categories

Theory/theories

References

Self-tracking behavior/technology usage
Habitual web-based fitness community use

Self-determination theory, technology acceptance model [68]

Number of activities

Social cognitive theory

[56]

Behavior (activity index + sleep index + food index)

Health information technology acceptance model

[57]

Behavior (compliance of self-tracking behavior)

Health information technology acceptance model

[58]

Behavioral intention to use (wearable devices in the workplace)

Self-determination theory, technology acceptance model [59]

Motivation/goal to use self-tracking technologies
Classes of motivational designs (gamification, social networking, and Self-determination theory, social comparison theory, goal- [60]
self-quantification)
setting theory
Self-tracking motivation fulfillment

Gimpel five-factor framework of self-tracking motivations [11]

Continuance intention of self-tracking
Continuance intention (of using smartwatches)

Net valence framework

[61]

Continuance intention (of using quantified-self technology)

Motivational affordance theory, technology continuance
theory

[62]

Continuance intention (of the quantified self)

Trans-theoretical model, expectation-confirmation theory [63]

Cognitive dissonance when using self-tracking technologies
Awareness of two inconsistent cognitions, self-tracking usage, and
cognitive dissonance

Cognitive dissonance theory

[64-66]

Stage-based model, five-factor model

[28]

Self-determination theory

[10]

Self-disclosure of personal information
Self-disclosure (personal information in self-tracking apps)
Dependency effect on wearing activity trackers
Dependency effect (on wearing activity trackers)
Health consciousness, physical and psychological well-being
Health consciousness, physical health, and psychological well-being PERMA (positive emotion, engagement, relationships,
meaning, accomplishment) model

[67]

Sharing health-tracking records
Sharing health-tracking records

In addition to the dependent variables presented in Table 4, we
also investigated the independent, mediating, and moderating
variables employed in the reviewed studies. Multimedia
Appendices 3, 4, and 5 provide more details about the reviewed
studies. As depicted in Table 4, the most common dependent
variables were self-tracking behavior and device usage, followed
by motivation and goal for using self-tracking technologies,
and continuance intention of self-tracking. Independent variables
in the reviewed studies were normally extracted from theories;
for example, perceived ease of use and usefulness were extracted
from TAM [57,59,68], 3 strategies for reducing cognitive
dissonance from the cognitive dissonance theory [64-66], 5
personality traits from the big-five personality domains [28],
and 5-factor motivation (self-entertainment, self-association,
self-design, self-discipline, and self-healing) from the Gimpel
five-factor framework of self-tracking motivations [11]. Some
studies combined theory with self-tracking practices and
classified independent variables into more specific categories;
for example, Chuah [61] divided perceived benefits into four
perspectives, including utilitarian, hedonic, social, and symbolic,
and divided perceived risks into privacy-related risks and
https://www.jmir.org/2021/9/e25171
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Health belief model

[27]

physical risks. Suh [62] specifically subdivided motivation into
hedonic, utilitarian, and eudaemonic (refers to self-fulfillment
and self-improvement) motivations. In addition, Hamari [60]
specifically described three independent variables: goal focus
(outcome and process), goal orientation (proving, avoidance,
and mastery), and goal attributes (difficulty and specificity).
In addition to the aforementioned dependent variables, the
reviewed literature has covered various other variables. For
example, perceived empowerment and personalization had
mediating effects between self-tracking technology and advice
compliance [69]. Intrinsic motivation was identified a mediator
between need for cognitive closure and the dependency effect
on self-tracking technologies [10]. When using smartwatches,
inspiration and well-being played a mediating role between the
perceived benefits and risks, and continuance intention [61].
Perceived threat, perceived usefulness, perceived ease of use
mediated consumers’ health statuses, beliefs and concerns,
subjective norms, and self-efficacy to attitude [57]. Finally,
prior research has also explored the moderating effects of
demographics such as gender, education, income [70], and BMI
[69].
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RQ 5: Themes in the Existing Literature
To structure the literature analysis, we developed a classification
scheme. To this end, we applied the concept matrix approach
presented by Webster and Watson [71]. A concept matrix
represents a logical method of defining a set of “concepts”
according to which the reviewed articles can be classified.
We first identified the focus of each reviewed article based on
its title, abstract, research question/objective, and results.
Thereafter, we classified the articles based on the subjects of
the empirical research. This led to the formation of three
stakeholder groups, namely end users, patients and people with
illnesses, and health care professionals and caregivers. The
studies adopting the end-user perspective focused on
self-tracking related to personal health, well-being, fitness, or
sleep. The second, (ie, the patients’ perspectives) focused on
self-tracking use usage cases related to treatment of illnesses.
The third, (ie, the health care professional and caregiver
perspectives) focused on treatment of illnesses and medical
conditions, but the primary users are the patients’ doctors,
nurses, or family members. Consequently, we used the
perspectives of these stakeholder groups to establish a concept
matrix. Finally, we classified the studies into 11 themes that
will be discussed in the following section. Multimedia Appendix
6 presents a summary of the reviewed studies based on their
foci and research theme matrices.

Stakeholder Group 1: End Users
(1) User Motivation and Goal Setting
With respect to the studies that adopted the end users’
perspectives, user motivation constitutes an important stream
of research. Most of the research examined the motivation for
self-tracking usage [10-12,62,72]. In their research, Attig and
Franke [10] divided the motivation for tracking physical activity
into intrinsic and extrinsic motivations. The results revealed
that people with strong extrinsic motivation may be highly
dependent on the use of the tracking devices. Suh [62] classified
motivation into hedonic, utilitarian, and eudaemonic. The results
illustrated that unlike hedonic motivation, utilitarian and
eudaemonic motivations positively impact continuance intention
use of self-tracking technologies. Further, Pingo and Narayan
[12] suggested that users may experience gratification when
they can use tracking devices to control their health status. To
clarify the reason for the usage of tracking devices, Gimpel et
al [44] employed a survey to develop a five-factor framework
of self-tracking motivations. The factors were self-entertainment,
self-association, self-design, self-discipline, and self-healing.
Gimpel et al [11] also illustrated that only the motivation for
self-entertainment increases the wearable self-tracking device
usage, which in turn influences the fulfillment of the
self-entertainment motivation. Baudier et al [59] also
emphasized that self-entertainment and self-design have a
positive effect on the behavioral intention to use the health care
Internet of Things in the workplace.
In prior research, goal setting and motivation always appeared
at the same time. Gordon et al [13] found that users of weight
loss–tracking apps preferred to choose achieving goals as their
motivation. Self-monitoring motivation and attitude toward
https://www.jmir.org/2021/9/e25171
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weight loss goals are vital for predicting goal achievement. For
fitness tracking apps and exercise encouragement apps,
Rockmann and Gewald [14], and Hamari et al [60] noted
individual differences and found that different motivational
affordances, such as self-quantification, gamification, and social
networking capabilities, help users achieve their goals.

(2) Usage and Effects of Self-tracking
The second cluster under the end users’ perspective focused on
the different uses of self-tracking and the outcomes of usage.
With respect to the different uses and use cases, prior research
has explored the use of self-tracking for physical activities
[8,9,35,57,58,73-77], sleep [57,58,74,78], diet [57,58], fertility
[55], caloric intake [79], and alcohol-harm reduction [80].
Prior literature also provides classifications of users and
self-tracking tools. Makkonen et al [81] identified 4 distinct
consumer segments of self-tracking based on their technology
adoption patterns: pro-trackers, semitrackers, interested trackers,
and nontrackers. In the context of app usage for alcohol
consumption reduction, Milward et al [80] identified three types
of users: the trackers, cut-downers, and non-committers.
Spotswood et al [9] explored the role of self-tracking in
supporting healthy behavior and found three mechanisms for
teleoaffective shaping: labeling, rewarding, and materializing
effort. Lyall and Robards [82] identified three roles of
self-tracking devices for the user, namely as a tool, toy, and
tutor.
Moreover, previous research has explored the outcomes of
self-tracking. Shin and Biocca [63] noted that health
consciousness is the most significant factor for staying healthy.
Stiglbauer, Weber, and Batinic [67] proved that wearing a fitness
tracking device can make users more conscious regarding their
physical health but did not have a significant effect on their
mental health. Furthermore, according to Ravichandran [78],
sleep-tracking devices can help users better understand and
improve their overall sleep habits. Rönkkö [74] proposed that
certain design features such as graphical feedback, information
sharing, and social communities in self-tracking devices may
be particularly important in contributing toward positive lifestyle
changes, with the most important factor being the presence of
personal long-term goals.

(3) Continuance Intention and Long-term Usage
The third cluster of studies from the end users’ perspectives
focused on sustained usage of self-tracking and the quantified
self. For example, Chuah [61] found that the perceived benefits
(utilitarian, hedonic, social, and symbolic) indirectly affect
users’ continuance intentions regarding smartwatch use through
inspiration and well-being. Shin and Biocca [63] investigated
the relative effects of hedonic and utilitarian motives as
determinants of confirmation, satisfaction, and continuance
intention regarding wearable devices. In contrast, Suh [62]
observed that hedonic motivation has a negative influence on
the continuance intention when using self-tracking devices, but
utilitarian and eudaemonic motivations have a positive effect.
As for web-based fitness community usage, Stragier et al [68]
proposed that self-regulatory and social motives directly predict
sustained web-based fitness community usage. Rockmann et al
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[83] also theorized an emotional “carry-over effect” in activity
continuance decisions on activity tracking.
With respect to the long-term use of self-tracking and the
quantified self, Hardey [84] employed a mixed-methods
approach and found that visualization and a long-term healthy
state motivate and support long-term tracking. In addition,
Meyer et al [85] built 5 use cases for personal health devices
that can be used as a long- and short-term comparison list. The
five use cases are supporting health behavior, improved
self-understanding, identification of trends and relations,
decision-making, and data collection for future use.

(4) Management of Personal Data
The fourth cluster of studies from the end users’ perspectives
emphasized managing personal data. This comprises two
subtopics: coping with personal data and privacy concerns. Feng
et al [86] showed that people preferred to use health or fitness
apps as their personal health information management tools,
and the most popular app was Fitbit. When reflecting on the
personal data stored on self-tracking devices, Maltseva and Lutz
[28] proposed that individuals who habitually use self-tracking
apps and devices are more likely to self-disclose their personal
data. When self-tracking devices are to social networks, the
proportion of lower-performing friends may positively influence
users’ physical activities [56]. Moreover, Yli-Kauhaluoma and
Pantzar [87] examined the gap between individual experiences
and self-tracking data. They found that individuals always feel
upset and confused when comparing invisible or inaccurate
personal health data with their daily experiences and may
eventually refuse to use self-tracking devices. In another words,
individuals may experience an emotional reaction, which can
then stop changing their behavior [43].

Feng et al
cited tracking accuracy and device aesthetics as barriers to
activity tracking. Esmonde [93] identified the following 4
strategies of resistance used by people to datafication in fitness
tracking practices: excessive labeling of some forms of data
rather than tracking everything, choosing not to track every day,
acknowledging that they cannot be perfect and track without
interruption like a machine, and accepting that people’s feelings
are more important than data.

(6) User Characteristics
The sixth subset of studies under the end users’ perspectives
focused on user characteristics. McKinney et al [94] showed
that in self-tracking of food and activity levels, high health
literacy supports health goals, which comprises proper
understanding of a record and how to use data to support a health
goal and the awareness of privacy and ownership. The digital
divide may also influence the adoption of self-tracking and the
quantified self [95]. According to Régnier and Chauvel,
better-off individuals use self-tracking more than the socially
disadvantaged [95]. In addition, Baumgart conducted a series
of studies to investigate the interaction of self-tracking with
users’ cognitions, behaviors, and emotions [64-66].

Stakeholder Group 2: Patients and People With
Illnesses
(1) Usage Experience of Patients and People With
Illnesses

Literature has also documented problems related to tracking,
managing, visualizing, and using personal data [88]. Privacy
issues are obviously a central concern related to sharing
self-tracking data. Chen et al [89] examined the sharing of health
data among college students. Their results implied that users
are generally willing to share personal health data for research
purposes, and the reasons for not sharing are related to privacy
concerns. Gui et al [53] pointed out that when fitness devices
are connected to social networks, users are encouraged to share
fitness data. However, the challenges of balancing awareness
and privacy issues were still prevalent. To solve this problem,
Zimmer [90] employed the communication privacy management
theory to better understand the privacy boundaries related to
personal fitness information and found that the advantages
outweigh the disadvantages.

In the clinical context, patients, and doctors need to track health
records for symptoms or contemporary sensor data. The
feasibility and acceptability of using tracking technology may
differ from that of healthy individuals. Beukenhorst et al [96]
focused on the feasibility and acceptability of smartwatches in
patients with knee osteoarthritis; people expressed enthusiasm
for self-tracking of health data, but there were barriers to full
engagement, such as limited battery lives, technical issues, and
unfulfilled expectations. Kim et al [54] conducted a food logger
applicability test on patients, and their results demonstrated a
high adherence rate. However, wrong and unreasonable usage
of weight loss apps may contribute to and exacerbate eating
disorders [97]. Self-tracking also demonstrated potential in
managing chronic diseases and rehabilitation. Goal-directed
self-tracking can help people be well prepared in all stages and
support chronic condition management [98]. Mishra et al [99]
researched how tracking apps and technologies helped patients
cope with Parkinson disease. Furthermore, Vogel et al [40]
provided evidence for the positive effects of self-tracking
technology on a patient’s cardiovascular system.

(5) Rejection and Discontinuance

(2) Management of Patient-Generated Data

The fifth cluster of studies from the end users’ perspectives
relates to rejection and discontinuance. In their study of
experiences during the implementation of self-tracking
technology, Kari et al [42] found that the experience during the
initial phase of implementation will influence the decision on
adoption or rejection. Moreover, previous studies have found
that the abandonment of wearable fitness tracking devices can
be owing to a loss of motivation, low acceptance levels for such
devices, or inaccuracy and uselessness [91]. Harrison et al [92]

Patient-generated data for clinical purposes have also attracted
research attention. Ancker et al [39] examined personal data
tracking for people with multiple chronic conditions, revealing
that health-tracking data may come at an emotional cost, such
as depression and anxiety, which could ultimately lead to low
adoption levels for consumer health information technology.
Ivanov et al [27] provided insights into the influencing factors
for sharing health-tracking data. They found that health
motivation, the severity of the health problem or condition, and
age positively influenced patients to share data with professors.
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People who had a certain perceived health status preferred to
share data with an acquaintance.

(3) Advantages and Disadvantages of Self-tracking in
the Clinical Context
Literature contains specialized research on the advantages and
disadvantages of self-tracking in the clinical context. With the
development of tracking technology, the clinical context now
provides more agency, control, and information for patients,
which can help them establish a relationship with professionals
[100]. Piras and Miele [38] supported this idea, stating that
self-tracking mediates the patient–doctor relationship.

Feng et al
study, Chung et al [101] used a stage-based model of personal
informatics and the theory of boundary negotiating artifacts to
explain misunderstandings and privacy concerns in the
collaboration stage. Prior research has also demonstrated that
tracking apps and technologies helped patients cope with
Parkinson disease. Based on the tracking data, health care
partners who are friends and family members can significantly
help Parkinson patients adopt positive strategies [99].

(2) Changes in the Roles of Patients and Professionals

Stakeholder Group 3: Health Care Professionals and
Caregivers

Tracking technology has also shifted the roles of patients and
doctors. Owing to these technological changes, patients become
health managers, and doctors are health organizers [103].
Schroeder et al [98] showed that goal-directed self-tracking can
help people in setting goals, preparing knowledge, and
contributing to the patient-doctor collaboration. Piras and Miele
[38] supported this idea, stating that patients can negotiate a
satisfactory relationship with their health care providers when
using self-tracking. However, there is still a gap between users,
experts, and self-tracking technologies [78]. To gain a
professional view of self-tracking in clinical usage, prior
research has collected data from doctors, such as in the study
by Gabriels and Moerenhout [103]. They conducted an interview
study to explore how medical doctors evaluate self-tracking
methods and the changes after using those methods. Gabriels
and Moerenhout found that regarding self-care, it is important
to emphasize the contextual facets of self-tracking and the
involvement of the health care professionals [103].

(1) Collaboration Among Patients, Health Care
Professionals, and Caregivers

RQ 6: Directions for Future Research Identified From
the Literature

Self-tracking technology provides an easier way to collect
patients’ health information. Health care professionals are also
willing to accept self-tracking data to assess the health status
of patients [39]. Therefore, patient-provider collaborations with
respect to patient-generated data became one of the research
topics for self-tracking usage in clinical setting. In a previous

Following our analysis of the themes in the extant literature on
self-tracking and the quantified self, we move on to describing
future research directions presented in the reviewed literature.
Based on the analyses and conclusions, we propose 2
perspectives with 5 main future research directions from the
reviewed literature: 2 from the perspective of research design,
and 3 from the perspective of research topics (see Table 5).

As for the disadvantages of self-tracking, collaborations between
patients and professionals involving personal data can easily
cause misunderstandings regarding the patient-generated data
usage, duration, and type of tracked data. There are also patient
privacy issues to address [101]. In terms of special disorders,
such as Parkinson disease, Riggare et al [102] indicated that
self-tracking gives people a deeper understanding of their motor
or nonmotor symptoms and contributes to decision-making
regarding their self-care. However, the tracking workload is
heavy. It is difficult to know what and how to track, and it is
also difficult to ignore the risks of obsessive tracking. Therefore,
it is necessary to find a proper balance between burdens and
benefits [102].
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Table 5. Directions for future research.
Perspective

Future research direction

Description

Research design

Employment of longitudinal research designs Investigate the influence variables corresponding to different usage
stages; changes in the evolution of an individual’s acceptance level and
self-disclosure over time [28,59,91,99].

Research design

User modalities: regular users, intermittent
users, nonusers, and former users

Nonuser group: nonusers and their goal orientations and perceptions
about the affordances [14,102]
Former users: comparative studies with short-term and long-term users
to identify barriers; people who effectively quit using web-based fitness
communities and wearables [53,68]
Intermittent users, nonusers, and former users [95]

Research topics

Issues related to data sharing and privacy

Data sharing: active sharing and comparing of digital activity data;
employees’ attitudes about sharing data; browsing others’ tracking data
and sharing one’s own tracking data; means of sharing health-tracking
records [8,27,56,104]
Privacy and security: personal data privacy and security challenges;
privacy awareness; perceived risks around data privacy for employees
[27,59,105]

Research topics

Psychological and behavioral aspects of self- Dependent variables: willingness to make in-app purchases; personal
tracking
health information management; underlying motivations; decisions of
consumers to adopt a self‐tracking technology [61,81,86]
Independent variables: intrinsic and extrinsic motivation, health literacy,
duration of self-tracking, number of devices, level of analysis, and demographic characteristics [10,43,55]
Moderator variables: individual characteristics and personality types
[60]

Research topics

Self-tracking in clinical use

Health-tracking data and patient–doctor relationship: whether and how
the data are integrated into the patient–doctor relationship; patient–provider interactions with self-tracking data [101,103]
Patients’ and doctors’ attitudes toward self-tracking: exploring doctors’
communication needs and perspectives and patients’ experiences
[99,103]

Research Designs Suggested in the Literature
(1) Employment of Longitudinal Research Designs
Changing habits typically takes time, and changes in people’s
health often occur over time. Moreover, in different stages of
usage, people may have different feelings or intentions, and
engagement with their health data may change over time [106].
Prior research has extensively underscored the importance of
this evolution over time and that of longitudinal research
[28,59,91,99]. A longitudinal research design may also provide
a better understanding of the causalities by observing and
explaining changes over time [28,91]. Therefore, future studies
should pay close attention to the evolution of the aforementioned
aspects over time. A series of interesting topics were mentioned
in prior research. First, the evolution of consumers’ acceptance
level could be used to discover users’ attitudes and identify the
barriers for continued usage [59]. Second, in clinical settings,
changes in the roles of caregivers (friends and family members
who manage the patients’ diseases) in helping patients’
self-tracking should be identified via longitudinal research [99].

(2) User Modalities: Regular Users, Intermittent Users,
Nonusers, and Former Users
As a second research direction, prior research has identified the
need to shift focus from the mainstream users of self-tracking
toward an increased emphasis on the modalities of use, namely
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intermittent users, nonusers, or prior users of self-tracking
[14,53,68,95,102]. In extant literature, intermittent users
comprise those who use self-tracking and self-quantification
but not on a regular basis [95,99]. On the other hand, nonusers
are those who are reluctant to adopt self-tracking technologies
in all social milieus [95]. Former users are those who have used
self-tracking or self-quantification in the past but have quit
[68,95]. Focusing on the non-mainstream groups to identify and
reduce the burden of self-tracking [102] as well as discovering
ways to attract new users [14] are topics worthy of future
research.

Research Topics Suggested in the Literature
(1) Issues Related to Data Sharing and Privacy
Issues related to sharing data generated by self-tracking, data
privacy, and security have frequently been proposed as areas
for future research [8,27,56,59,104,105]. Different experiences
and concerns may promote different attitudes toward sharing
personal data [104]. For example, Zhou et al [56] indicated that
sharing self-tracking data may enable social comparisons.
Furthermore, multiplatform and cross-platform data sharing has
become a common phenomenon, which has consequently
created challenges in terms of data privacy and security [27,105].
The tracking process of data collection, analysis, and storage
also raises ethical issues [59].
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(2) Psychological and Behavioral Aspects of
Self-tracking
Psychological and behavioral research encompasses themes
such as users’ behaviors, attitudes, intentions, acceptance of
technologies, and their respective motivations. The literature
on motivation for personal health information management can
provide new ideas to improve research design [86]. Existing
research shows that future research will benefit from exploring
the antecedents of the adoption decisions from a microlevel
perspective [81]. Moreover, as the freemium business model is
extremely popular among various web-based services and
software firms [107,108], existing research highlights that future
research could examine consumers’ willingness to make in-app
purchases in the context of self-tracking and the quantified self
[61].
In terms of independent variables, the subdivisions of intrinsic
and extrinsic motivations should be considered in the research
on usage [10]. In addition, the demographic characteristics, such
as the educational level, socioeconomic status, and cultural
background, could be examined as predictors of self-tracking
usage [55]. Hamari et al [60] recommend that individual
characteristics and personality types can be regarded as
moderating variables of goal setting and the perception of
motivational design.

(3) Self-tracking in Clinical Use
With respect to the clinical apps of self-tracking, prior research
has highlighted 2 specific areas for future research. The first
direction involves health-tracking data and the patient-doctor
relationship [38,100,101]. For example, future studies could
explore the patient-doctor interaction with self-tracking in
different clinical settings [101] and integrate the health-tracking
data in the patient-doctor relationship [103]. Second, patients’
and doctors’ attitudes toward self-tracking also play important
roles in clinical research. Patient usage experiments and the
feasibility and acceptability of self-tracking should be
investigated in the future [103]. As pointed out by Mishra et al
[99], self-tracking can help patients communicate with
clinicians. Thus, understanding clinicians’ communication needs
and attitudes toward self-tracking represents another viable
future research area.

Discussion
Key Findings
The purpose of this study was to identify the state of the art in
self-tracking and the quantified self in health and well-being.
To this end, we conducted an SLR of 67 articles, comprising
42 journal articles and 25 conference papers. We have presented
the development of the number of publications over time. We
also identified the key academic outlets that published research
on self-tracking and the quantified self, and the most prevalent
research methods and theoretical foundations.
Our results demonstrate that the outputs provided by
self-tracking can be used by various stakeholders. By classifying
the stakeholders into end users, patients and people with
illnesses, and health care professionals and caregivers, and
investigating the focal themes of prior research across these 3
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groups, our review provides a structured view of the extant body
of knowledge. Moreover, we have classified the future research
directions provided in the reviewed studies into two categories:
suggestions focusing on research designs and suggestions
focusing on research topics. Against this backdrop, we highlight
three main findings related to the research subjects, research
designs, and the role of theory stemming from the reviewed
literature.
First, with respect to the stakeholders being considered as the
research subjects, our results demonstrate that of the 67 studies
that qualified for the review, the majority (54) focused on end
users who use self-tracking to obtain feedback on their sport
and fitness activities, daily activity levels, and sleep. Although
self-tracking technologies are increasingly invading various
clinical settings, we claim that adopting a multi-stakeholder
perspective to a greater extent could be a beneficial avenue to
advance research in this area.
Second, with respect to research design, considering that in
many use cases reaping the potential benefits of the self-tracking
requires sustained engagement in the process and use of these
technologies, it is not surprising that self-tracking continuance
is a key focal area of the reviewed literature. The temporal
perspective has also been incorporated in the research design
as 21 of the 67 reviewed studies feature longitudinal research.
This observation also echoes the notion that employment of
longitudinal research methods is one of the key future research
directions suggested in the reviewed literature.
Third, with respect to the role of theory, 28 out of the 67
reviewed studies did not explicate or build on any theoretical
foundation. In light of this observation, there is still scope for
more theory-oriented research to reinforce the theoretical and
conceptual foundations and enrich the knowledge base on
self-tracking and the quantified self.

Limitations
The results and implications of this review should be evaluated
in the light of its limitations. There are 2 main limitations to
this review that must be acknowledged. First, the scope of the
review is limited by the keywords used in the article search.
We specifically employed only “self-tracking” and “quantified
self” as the search terms. Consequently, superordinate and
subordinate words were not included in the literature search.
Second, to keep the scope of the review manageable, we focused
solely on empirical articles. Therefore, future research could
cover nonempirical research and the superordinate and
subordinate keywords of self-tracking and the quantified self.

Future Research Directions
By presenting and summarizing the key studies in the existing
body of literature in a systematic fashion, this review will assist
future research activities and thus accelerate the development
of the relevant research areas. To this end, our review has
outlined the theories and methods used in the extant literature.
Moreover, we constructed a research theme matrix from three
stakeholders’ perspectives and identified 5 main future research
directions provided in the reviewed literature. Beyond these
contributions to research and practice, we delineate 4 primary
future research directions based on our observations and
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reflections of the current review and provide our views on the
shortcomings and limitations of the extant literature that future
studies could address.
First, surprisingly few studies in our review have focused on
investigating how people perceive and interpret the information
produced by tracking devices [9,13,56,83]. Although studies
have examined the behavioral outcomes of self-tracking, the
human information processing aspects seem to have received
less attention. There are two groups of factors that largely
determine how users perceive information from self-tracking,
namely their cognitive processes and the information along with
the way the information is being provided to the users. Thus,
we suggest that future research should determine how people
make sense of the information produced by self-tracking to
ensure that this information fits the cognitive style and
knowledge structure of the users.
Second, our review revealed a significant paucity of empirical
research examining the potentially adverse psychological
consequences of self-tracking. This is notable considering that
there is a well-established body of literature discussing
self-tracking and the quantified self from a critical standpoint
[109] and a stream of literature scrutinizing the so-called dark
side of information technology (IT) [110,111]. Prior research
in this area has classified the dark side of IT into five categories:
IT-usage-related stress, work overload, interruptions, addiction,
and misuse [112]. It is plausible to assume that these phenomena
may also occur in relation to self-tracking and self-quantification
devices. Thus, future research could, for example, examine
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whether the use of self-tracking and quantified-self technologies
may induce health-related obsessive-compulsive thoughts and
behaviors, particularly over time. Moreover, future research
could examine the role of technology addiction in the continued
use of self-tracking technologies.
Third, pertaining to the level of analysis, most of the reviewed
studies have examined self-tracking and the quantified self
essentially as individual-level phenomena. However, as argued
by Lupton [113] and Sharon [37], the rise of self-tracking and
the emergence of a market for health-related products and
services can be related to a societal shift toward neoliberal
thinking. Neoliberalism is generally associated with policies of
economic liberalization. Lupton claims that individuals who
use self-tracking technology “have readily adopted the subject
of the responsible, entrepreneurial citizen as it is privileged in
neoliberal governmentality in seeking to take action to achieve
healthy and fit embodiments and engaging in self-governance”
[113]. Therefore, the individual is increasingly emphasized in
the societal discourse. Against this backdrop, future studies
could investigate the group- and community-level implications
of self-tracking and quantified self.
Fourth, related to the stakeholder perspective adopted in this
study, self-tracking has the potential to reinforce people’s sense
of agency in terms of understanding their health. This in turn
can alter the roles of various actors and the power balance
among these actors in the health care system. Hence, future
studies could focus on the systemic effects of self-tracking from
a societal perspective.
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Abstract
Background: Glaucoma leads to irreversible blindness. Globally, it is the second most common retinal disease that leads to
blindness, slightly less common than cataracts. Therefore, there is a great need to avoid the silent growth of this disease using
recently developed generative adversarial networks (GANs).
Objective: This paper aims to introduce a GAN technology for the diagnosis of eye disorders, particularly glaucoma. This paper
illustrates deep adversarial learning as a potential diagnostic tool and the challenges involved in its implementation. This study
describes and analyzes many of the pitfalls and problems that researchers will need to overcome to implement this kind of
technology.
Methods: To organize this review comprehensively, articles and reviews were collected using the following keywords:
(“Glaucoma,” “optic disc,” “blood vessels”) and (“receptive field,” “loss function,” “GAN,” “Generative Adversarial Network,”
“Deep learning,” “CNN,” “convolutional neural network” OR encoder). The records were identified from 5 highly reputed
databases: IEEE Xplore, Web of Science, Scopus, ScienceDirect, and PubMed. These libraries broadly cover the technical and
medical literature. Publications within the last 5 years, specifically 2015-2020, were included because the target GAN technique
was invented only in 2014 and the publishing date of the collected papers was not earlier than 2016. Duplicate records were
removed, and irrelevant titles and abstracts were excluded. In addition, we excluded papers that used optical coherence tomography
and visual field images, except for those with 2D images. A large-scale systematic analysis was performed, and then a summarized
taxonomy was generated. Furthermore, the results of the collected articles were summarized and a visual representation of the
results was presented on a T-shaped matrix diagram. This study was conducted between March 2020 and November 2020.
Results: We found 59 articles after conducting a comprehensive survey of the literature. Among the 59 articles, 30 present
actual attempts to synthesize images and provide accurate segmentation/classification using single/multiple landmarks or share
certain experiences. The other 29 articles discuss the recent advances in GANs, do practical experiments, and contain analytical
studies of retinal disease.
Conclusions: Recent deep learning techniques, namely GANs, have shown encouraging performance in retinal disease detection.
Although this methodology involves an extensive computing budget and optimization process, it saturates the greedy nature of
deep learning techniques by synthesizing images and solves major medical issues. This paper contributes to this research field
by offering a thorough analysis of existing works, highlighting current limitations, and suggesting alternatives to support other
researchers and participants in further improving and strengthening future work. Finally, new directions for this research have
been identified.

https://www.jmir.org/2021/9/e27414

XSL• FO
RenderX

J Med Internet Res 2021 | vol. 23 | iss. 9 | e27414 | p.141
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Saeed et al

(J Med Internet Res 2021;23(9):e27414) doi:10.2196/27414
KEYWORDS
glaucoma; generative adversarial network; deep learning; systematic literature review; retinal disease; blood vessels; optic disc

Introduction
Medical and Statistical Overview
Blindness and visual impairments often result from cataracts,
age-related macular degeneration, and glaucoma [1,2].
Glaucoma is a neurodegenerative disease that damages the optic
nerve and causes visual field loss [3]. As it is an asymptomatic
disease, it is known as the silent thief of sight [4], and patients
are unaware of the infection until their vision is irreversibly
impaired. Among affected individuals, 50% are ignorant of the
disorder [5-7]. Early phases of glaucoma have no symptoms or
visual field changes [8]. As the disease progresses, a slow
narrowing of the visual field can occur. If left untreated,
glaucoma may contribute to total blindness [9]. Loss of vision
usually begins on the eye’s side and then approaches the middle.
Statistically, glaucoma affects millions of people globally, with
more than 64 million cases recorded in 2013, and other studies
have estimated that 76 million people will be affected by 2020
and 111.5 million by 2040 [9,10]. Glaucoma is the second

leading cause of blindness worldwide, preceded by cataracts
[11], and it impacts 4.5 million individuals [9,12], more than
10% of the gross population [10]. Owing to the asymptotic
function of glaucoma, approximately 70% of individuals with
glaucoma are unaware of the illness’s existence [13,14] in the
early stage. Thus, we need to provide an early detection and
evaluation method [15]. Once glaucoma is detected, a more
effective follow-up takes place as a cure can slow down the
transmission of the disease [8].
Cataracts may be reversed by surgery, while glaucoma causes
lifelong blindness. Elevated intraocular pressure (IOP) is the
most common cause of glaucoma. The tonometer measures IOP.
However, IOP is not always an accurate and adequate indicator
of glaucoma, because glaucoma does not always cause a rise in
IOP [16] but rather a deterioration of the optic nerve head
(ONH). Visual information flows through the ONH to the brain.
The ONH consists of a bright spherical area called the optic
disc (OD) and a wider circle-like area called the optic cup (OC).
Figure 1 shows these structures in ocular images.

Figure 1. Fundus image structure.

ONH assessment is a widely used glaucoma screening tool that
utilizes differential division to distinguish between glaucomatous
and normal images [17]. Manual calculations of ONH geometric
structures, such as the cup-to-disc ratio (CDR); inferior, superior,
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nasal, and temporal (ISNT) rule; disc diameter; and rim area,
are recommended as diagnostic features for glaucoma screening
[18-20]. Among them, the CDR is a reliable therapeutic feature
for early glaucoma screening and diagnosis [21,22]. Each of
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the derived CDR parameters (diameter or area) is the ratio
between the OC and the OD. CDR values rise when the illness
progresses and become higher than approximately 0.6-0.7 when
the patient has a stronger chance of developing glaucoma [23].
Based on an earlier study [24], a CDR of at least 0.65 is deemed
glaucomatous in clinical practice. The CDR score tracks the
development of glaucoma over time, effectively screening the
condition early [25]. Currently, to check for retinal diseases,
specialists tend to manually extract the blood vessel (BV), OD,
or OC from retinal images. Accurate segmentation of the retinal
structure is very important during the diagnostic process.
However, doing this process manually is very labor intensive,
time consuming, and risky in terms of human mistakes.
Furthermore, the analysis results may lack objectivity, as
different experts may produce different results. Therefore, it is
important to automate retinal image segmentation/classification
while minimizing expert interference.

Research Background
The development of medical imaging technology has helped to
accelerate the detection of diseases. Additionally, several studies
have been conducted using image processing techniques to
automatically process medical images without the intervention
of experts [26]. Several studies [22,27,28] have examined
vascular tracking and OD and OC segmentation using
fundoscopic images. The main segmentation techniques depend
on visual features such as color and contrast thresholding, region
segmentation, and boundary recognition. Such methods use a
learned classifier to classify pixels as foreground pixels (eg,
OD, OC, or BV) or as background pixels (regions out of the
area of interest) [29,30]. However, most of these methods are
based on hand-crafted features (eg, texture, red green blue
[RGB] color, gradient and Gabor filter), which are susceptible
to low image contrast, pathological regions, and have a lack of
deep feature extraction.
In recent years, automatic learning has been significantly
improved with the assistance of machine learning (ML)
techniques [31]. According to several studies [32,33], ML and
deep learning (DL) algorithms have evolved to the point that
they can compete with and sometimes even outperform humans
on certain tasks, such as object detection [34] and image
classification on ImageNet [35]. Currently, deep learning
methods (DLMs) are an active research field because they can
automatically generate and learn extremely complex features
from input data. In particular, DLMs with deeper and
complicated perceptron layers [eg, convolutional neural
networks (CNNs)] have shown better performance in object
detection than other methods [33]. Researchers have attempted
to use various types of architectures, such as GoogLeNet [36],
AlexNet [33], and DenseNet [37], for glaucoma diagnosis with
the introduction of deep neural networks. Such research mainly
focuses on 2 aspects: using DL for complex and deep feature
extraction and utilizing medical features and spatial domain
knowledge in the detection process. However, the use of deep
fully connected networks is susceptible to imbalanced learning
problems such as high false-negative or false-positive rates,
leading to more fake or skinny branches than those of the ground
truth [38,39]. In other words, retinal BV segmentation still has
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issues such as false pathological information segmentation and
low microvascular segmentation [40].
For addressing complex learning issues, deep architectures often
have advantages over shallow architectures; for example, deep
CNNs have demonstrated significant efficiency improvements
over conventional vision-based models [41]. A fully connected
convolutional network has been used to address insufficient
public data. Such methods, however, create very fuzzy vessels
with false positives along with tiny and weak roots. This error
primarily occurs because the CNNs used in current methods
depend solely on pixel-level objective feature to equate the
standard image to the image created by the model and are
incapable of adapting actively to the fundus image of the natural
vascular structure [42]. Empirical studies have proven that deep
CNNs can learn invariant representations and attain human-level
success if sufficient training data are provided. However, one
of the leading shortfalls of DLMs is the lack of available data.
Medical data annotation often requires specific domain experts.
This shortage leads to the need for CNN training approaches
with a limited number of annotated data. However, this can
easily lead to underfitting, and as a result, high error rates on
both training and testing data are recorded. Lahiri et al [43]
demonstrated the effectiveness of using generative adversarial
networks (GANs) [44] to perform some discriminative task with
only 0.8%-1.6% of the amount of annotation data used by other
methods.
GANs belong to the family of unsupervised learning algorithms
that have proven their merits in generating synthetic images
close to real images and solving image-to-image translation
problems in the natural domain [45,46]. GANs have gradually
shown their extraordinary ability and have started to shine
brilliantly in various application fields [45,47,48]. Inspired by
the prevailing learning capability of GANs, Wu et al [49]
proposed the generative adversarial network with U-net, referred
as (U-GAN), which includes an attention gate model in the
generator and a densely connected convolutional network to
segment the BVs automatically. Lahiri et al [50] proposed deep
convolutional GANs (DCGANs) for retinal segmentation to
segment the region of interest (ROI) from a given image. In
addition to segmentation tasks, the synthesis of retinal images
is a large part of the literature. Haoqi and Ogawara [51] trained
a GAN model to learn the mappings of vessels from retinal
images to segmented images for training a model to generate a
synthesized image close to a given real image.
To date, several review articles summarizing the technology of
DL in ophthalmology have been published [20,52-55].
Nevertheless, none of them have particularly focused on the
emerging breakthrough GAN techniques using fundus
photographs. Moreover, despite the rapid development of
telecommunication technology, only a few study groups have
examined the possibility of integrating artificial intelligence
(AI) technologies with teleophthalmology [56]. To the best of
our knowledge, no researchers have adopted telescreening for
glaucoma using DL techniques, particularly the GAN.
Shedding light on the importance of telecommunication
technology in DL techniques is a current and very urgent need.
Alongside the emergence of newer low-cost handheld devices,
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glaucoma screening will become more available, even to distant
and poor communities. In addition, maintaining social distance
is very important for mitigating the spread of the coronavirus
pandemic. This paper summarizes the work in the literature on
glaucoma diagnosis and highlights the challenges and gaps of
current studies to uncover the possibilities of filling these gaps
with the recommended suggestions. We aim to elucidate all
research efforts, such as the GAN architectures mentioned
earlier, that have been developed in response to the new and
disruptive technology, mapping the research landscape from
the literature onto a coherent taxonomy of the key features that
characterize such an emerging line of research. Finally, the
future work of this research will be proposed and described in
detail.

Saeed et al

Methods
Basic Theory of GANs
We start by reviewing the concept of GANs [44]. GANs consist
of 2 separate neural networks, a generation network (G) and a
discriminator network (D), plus a noise vector (z) sampled from
a known distribution (eg, a Gaussian distribution), which is used
to generate data points (fake samples; see Figure 2). A 2-player
min-max game inspires the basic idea of this technique. The
goal is to train the generator G to learn to capture the potential
distribution in the real data sample and generate a new sample
close to the real data to deceive the discriminator. The
discriminator D is a binary classifier that attempts to
discriminate whether the input data are real or fake [44]. To win
the game, both G and D need to continuously improve their
generation and discrimination capabilities, respectively. The
training process lasts until both G and D reach a convergence
point (Nash equilibrium), where G generates an output
distribution very close to the real data distribution [42,57,58].

Figure 2. GAN architecture. GAN: generative adversarial network.

Mathematically, let G be parameterized by θ, which takes
random noise z as input and produces synthetic images G(z) as
output. The generated G(z) is mapped from a distribution G(z;
θ) ∼ pg. Additionally, the training data set x is sampled from
the real data distribution pdata, and the objective function of the
generator network is used to train G to approximate pdata using
pg. By contrast, the discriminator (D) takes either the original
image x or G(z) as input and indicates whether the input is from
a true data distribution (x) or a synthetic data distribution G(z)
by outputting a probability of D(x) or D(G[z]). This can be seen
in the followig equation, where pdata(x) is the true data
distribution and pz(z) is the noise distribution.

However, the training mechanism of such a model is critical.
Unbalanced training between the G and D networks leads to
model collapse. This happens when D is trained much better
than G. In this case, D is able to easily discriminate between
the real and synthetic images generated by G and reject all its
outputs; thus, the loss log{1 − D(G[z])} saturates, and G learns
nothing from the zero gradient. To avoid the model collapse
issue, the loss function of G should be trained to maximize
logD(G[z]) instead of minimizing log{1 − D(G[z])}. This can
avoid the saturation of the gradient and provides the same
gradient direction as that yielded by the old loss function.
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Extension Models of GANs
The first GAN [44] was composed of fully connected layers.
Later, the DCGAN [59] introduced the use of fully CNNs to
increase training stability and improve efficiency. Since then,
many GAN models have followed this set up as the main
components of GAN architecture. Unlike the DCGAN, the
Wasserstein GAN (WGAN) [60] increases the permutation in
the fully connected layer. In this model, the Wasserstein distance
metric is used instead of the Jensen–Shannon divergence to
measure the distance between the generated data distribution
and the real data distribution. Therefore, the problems of model
collapse and training instability were partially solved in this
model. Subsequently, an improved version of the WGAN called
the WGAN-GP (gradient penalty) [61] was proposed. The
WGAN-GP depends on gradient penalty replacement so that it
can solve slow training problems encountered by the WGAN.
Moreover, inspired by the WGAN, Mao et al [62] proposed the
least-squares GAN (LSGAN) to improve the quality of the
generated images. The main idea of the LSGAN is to use a new
loss function in the D network for smooth and unsaturated
gradients.
The original GAN randomly generated a date distribution that
is beyond our control, as the output depends on random noise.
Therefore, a conditional GAN (cGAN) was invented to add a
vector c as a conditional input to the noise vector z so that the
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generator could generate the required data. Hence, the generator
output of the cGAN was defined by G(c,z).
Since the cGAN was proposed, many articles have used the
cGAN applications, for example, Pix2Pix [45], a cGAN-based
technique proposed by PatchGAN to map a set of images to
another image using N × N pixels. It classifies each N × N path
of the image and averages all the scores of patches to obtain the
final score for the image. The main limitation of Pix2Pix is that
it requires images x1 and y1 that are paired with each other in
the training stage. By contrast, CycleGAN [47], which is also
a cGAN-based technique, utilizes an image translation method
that does not need paired data, even though Pix2Pix still
outperforms CycleGAN’s remarkable margin.
Another variation of the GAN combines a variational
autoencoder (VAE) and a GAN in a single model named
VAE-GAN [63]. The idea behind this technique is to exploit
the strength of both the GAN and VAE, as the GAN can
generate sharp images but misses some modes while the VAE
produces blurry images but with a large variety. Studies have
demonstrated that VAE-GAN images are better than those
produced by the VAE or GAN alone.

Information Sources
Guided by [64], we conducted a comprehensive search to find
all GANs-based articles related to glaucoma by searching the
best and most reliable libraries: (1) Scopus, (2) ScienceDirect,
(3) IEEE Xplore, (4) Web of Science, and (5) PubMed Central.
This collection includes technical and medical literature,
perfectly reflecting all research activities in this discipline.
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Study Selection Procedure
The method for choosing appropriate studies was on the basis
of 2 stages: screening and filtering. Successively, both stages
met the same criterion for inclusion and exclusion. Both
duplicates and unrelated studies by title and abstract skimming
were omitted during the first stage. Then, the result in a set of
papers was entirely read, analyzed, and summarized in the
filtration stage.

Search
This work was carried out between March 2020 and November
2020. Various keyword combinations were used in the search
of highly reputable libraries (IEEE Xplore, Science Direct,
PubMed, Scopus, and Web of Science). Our search query consist
of 2 parts that are connected with each other using the operator
“and.” The following set of keywords (“glaucoma,” “optic disk,”
“blood vessels”) and (“receptive field,” “loss function,” “GAN,”
“generative adversarial network,” “deep learning,”
“convolutional neural network,” “CNN,” Encoder) belong to
the first and second parts, respectively. The operator “or” is
used to connect keywords within the same part. Based on this,
our study scope is formulated.
The quest focused on different journals and conferences and
omitted books and all other forms of literature. Therefore, we
mainly concentrated on up-to-date and applicable scientific
studies related to the use of GANs in retinal disease, especially
glaucoma. Figure 3 shows the research query and inclusion
criteria used in this work.
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Figure 3. Flowchart of the study selection with the research query and inclusion criteria. GAN: generative adversarial network; WOS: Web of Science.

Validity of the Collected Papers (Scope Validation)
The total number of keywords in the collected papers was 115.
To validate our research scope, we analyzed these keywords
and categorized them according to their co-occurrences. Then,
we set a threshold indicating the co-occurrences of each keyword
across all papers. Let k≥3, where k is a threshold. As a result,
we obtained 15 keywords out of 115 that met the threshold.
That is, each of these 15 keywords occurred at least three times
in all the collected papers.
Figure 4 illustrates the connections of these 15 keywords to
each other. The size of each circle indicates how frequently a
single corresponding keyword occurred. The more frequently
a keyword occurred, the larger circle size it gets, for example,
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the keyword “deep learning” has the biggest circle size in the
diagram, which means it is the most frequently appeared
keyword in the collected papers. The second factor is the color,
which indicates how often a single keyword occurred per year.
The last factor is the total link strength, which indicates the total
connection of a keyword to other keywords. The more frequently
2 keywords appeared in the same article, the thicker is the line
drawn between them. For example, the keywords “deep
learning” and “glaucoma” were linked by a thicker line than
the line between the keywords “generative adversarial network”
and “glaucoma,” which means that both “deep learning” and
“glaucoma” appeared together in the collected articles more
than the keywords “generative adversarial network” and
“glaucoma” did. This indication reveals that GANs have been
used less than other DL techniques in glaucoma detection.
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Figure 4. Scope validation diagram.

Table 1 shows the occurrences and the total link strength of the
15 keywords that met our threshold (k≥3). Deep learning is the
most frequently occurring keyword, which has uniquely
appeared 20 times in the collected articles and 27 times with
other different keywords. GANs occurred 17 times, with 18
connections to other keywords, while the keyword glaucoma
occurred 8 times, with 12 connections to other keywords. In

conclusion, these highest scores for the aforementioned
keywords empirically demonstrated the validity of our search
query that is used to collect literature publications. Furthermore,
it proves that our research scope revolves around 3 main
keywords, namely, deep learning, generative adversarial
network, and glaucoma, as they have the biggest circle sizes
with the thickest connection among them.

Table 1. Keywords occurrence.
Keywords

Occurrences

Total link strength

Deep learning

20

27

Generative adversarial network(s)/GAN

17

18

Artificial intelligence

3

8

Machine learning

3

8

Glaucoma

8

12

Diabetic retinopathy

3

6

Fundus image

3

6

Medical imaging

4

5

Adversarial learning

3

4

Optic disc segmentation

3

6

Retinal vessel segmentation

3

4

Generative models

3

3

Retinal image synthesis

3

3

Techniques

Diseases

Imaging

Papers’ contribution

Inclusion and Exclusion Criteria
In this section, papers that met the criteria in Figure 3 were
included. We taxonomized the included papers on a general and
in-depth diagram consisting of 2 paper groups, namely, the
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development studies group and the reviews and surveys group.
The papers in the first group were classified according to 8
consecutive layers. In the literature, researchers classified GANs
into 2-4 categories; these categories were separately used by
different researchers, as referenced accordingly in the points
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below. However, in our taxonomy, we combined them all.
Furthermore, we added 4 more classification criteria as follows:
(1) method architecture (direct, hierarchical, iterative) [32]; (2)
model structure (2 players, multiple players) [65]; (3) GAN
category (optimization function, structure, and conditional)
[66-68]; and (4) generator backbone (U-Net based or CNN
based) [69].

Later, 318 papers (not GAN based) were omitted after skimming
through the articles’ titles and abstracts, leaving only 75 papers.
Further screening via full-text reading was carried out on these
75 papers, which resulted in excluding 16 nonrelevant papers.
A comprehensive reading was performed on the final 59 papers
to create a general map to study this newly emerging
methodology.

Further, we added 4 additional categories as follows: (1) type
of GAN used in a paper (eg, variational autoencoder with GAN
[VAEGAN], DCGAN, cGAN, CycleGAN); (2) discriminator’s
receptive field (PixelGAN, PatchGAN, ImageGAN); (3)
landmarks used during the segmentation/classification process
(single, multiple); (4) paper contributions (segmentation,
classification, image synthesis, mixed).

Of these 59 papers, 51% (n=30) focused on the development
and training of various GAN models and real attempts to
improve the efficiency of the network architecture to improve
segmentation/classification precision, especially at an early
stage of the disease with fewer false positives/negatives. Nearly
49% (29/59) of publications included general reviews and
surveys relating to GAN technique and its variants; recent GAN
applications, limitations, and potential future prospects; reviews
of retinal diseases; various DL detection methods; general
analytical knowledge such as the most frequently used data sets;
and the countries contributing to the current research area. From
all these observations, we got a thorough view on the literature,
determined the general categories of the study scope, and
boosted the taxonomic classification of the literature. Figure 5
presents the groupings of the GAN-based approaches used in
the literature according to their structures or optimization
functions.

The exclusion criteria followed in this paper were as follows:
(1) ML approaches, (2) 3D-based imaging methods (optical
coherence tomography), (3) between-class papers, and (4)
out-of-scope papers.

Data Collection Process
All papers from different sources were summarized and saved
in a single spreadsheet file for simplicity and a quick review.
Significant remarks and comments were illustrated by full-text
reading in our analysis scope and classification stage, which
further refined our taxonomy. Finally, our results were
summarized on an Excel sheet (Microsoft) and listed in a tabular
format. The additional data set includes a list of articles,
publishing source, articles’ abstracts and contributions, the tools
used in papers, audiences, objectives, architecture-based
categorization table, and a list of relevant figures.

Results
Overview
The cumulative number of articles in the original search process
was 455. Eighty percent (364/455) of the findings released in
2018-2021 and 20% (91/455) in 2015-2017 were distributed as
follows: 15 papers from IEEE Xplore, 86 from Web of Science,
138 from Scopus, 147 from PubMed, and 69 from
ScienceDirect. Approximately 62 papers were duplicates across
the 5 databases.

https://www.jmir.org/2021/9/e27414

XSL• FO
RenderX

Kumar and Dhawan [70] classified GANs based on their
architectures or the loss functions used to train their generators.
It is worth noting that the first 4 layers of our taxonomy have
been separately used in other papers; therefore, inspired by those
studies, we used these categories together as a baseline for our
taxonomy. We added other categories to classify brief literature
works in depth according to (1) their level of feature
discrimination (PixelGAN, PatchGAN, or ImageGAN), (2) the
numbers of landmarks used in the segmentation or classification
process (a single landmark or multiple landmarks), (3) the
backbones of the GANs used in the articles (eg, DCGAN [59],
Info-GAN [71], WGAN [60], CGAN [45], Pix2Pix [45], and
Cycle-GAN [47]), and (4) the contribution of each paper (eg,
segmentation [s], classification [c], or synthesis [y]). In the
following sections, we describe each category and provide some
accompanying statistics.
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Figure 5. Taxonomy of the literature on glaucoma screening based GANs technique. cGAN: conditional GAN; CNN: convolutional neural network;
DCGAN: deep convolutional generative adversarial network; DL: deep learning; GAN: generative adversarial network; LSGAN: least-square GAN;
WGAN-GP: Wasserstein GAN-gradient penalty.

Development Studies Category
GANs were first developed by Goodfellow et al [44] in 2014.
Although researchers have continuously attempted to improve
the performance of GANs in various ways, such as weight
regularization, new loss functions, weight pruning, and Nash
equilibrium, it is still a new research field among deep learning
techniques [70,72]. Only recently did this technique start to be
adopted by researchers in the field of retinal disease, particularly
glaucoma (roughly at the beginning of 2018). Therefore, the
total set of papers that described various experiments and tools
used for the detection or segmentation of retinal images included
30/59 (51%) articles.
Among these categories, it is notable in Figure 5 that the first
4 layers classified articles based on the method used (direct,
hierarchical, or iterative) [32], the model structure [65], the
architecture category (optimization function or structure and
conditional based) [66-68], and the generator’s backbone (CNN
based or U-Net based) [69] consecutively.
In the first layer, all the literature work followed the direct
methods. This means that all these methods follow the
philosophy of using 1 generator and 1 discriminator, and the
structures of the G and D are straightforward without any
branches. None of the articles used hierarchal or iterative
https://www.jmir.org/2021/9/e27414
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methods; this reveals a new opportunity to apply GANs in the
field of retinal disease.
The second layer classified articles based on the number of
players. Nearly 25/30 (83%) articles used 2 players, and only
5/30 (17%) articles utilized multiple players. In the latter case,
some studies used 3 player-based methods [73-75], with the
frameworks of [74] and [75] comprising segmentation,
generator, and discriminator networks. In the study by Liu et
al [74], the segmentation network and generator enlarged the
training data set to improve the segmentation performance,
while the discriminator solely focused on identifying fake
image–label pairs to ensure compatible utilities. However, in
Yu et al [75], the same architecture was used to synthesize
images after performing traditional annotation-free methods to
obtain coarse segmentations.
A slight difference was observed in Wang et al [73], where a
pathology-aware visualization network was used instead of the
segmentation network, with both pathology-aware visualization
and the generator used to enhance the synthesized glaucoma
images in specific pathological areas. The synthesized image
was re-enforced to provide a heatmap close to that of the input
reference image. The Patho-GAN can thus generate images of
glaucoma fundus with clearer pathologies. In Yang et al [76],
J Med Internet Res 2021 | vol. 23 | iss. 9 | e27414 | p.149
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
the VGG19 network was incorporated with the 3 players to find
the topology structure loss, which was combined with the other
3 losses (adversarial loss, weighted cross-entropy loss, and total
variation loss) to be used by the generator. However, in [77],
the authors used 2 encoders, namely, Es and Et, where (s) is the
source domain and (t) is the target domain; these encoders were
trained to impede the classification performance of the
discriminators (D+, D–). In turn, D+ and D– were trained to
distinguish between positive/negative source images and
positive/negative target images, and finally, a classifier (C) tried
to classify source/target images.
Following [66-68], we added a third layer to our taxonomy to
classify papers as either structure-based or optimization-based
methods. The majority of studies (27/30, 90%) at this level were
structure- and conditional-based methods, while only 3/30 (10%)
of the studies, namely, those in [42,78,79], were
optimization-based methods with 2-player structures; none of
these methods have been recorded as multiplayer-based
structures.
Some researchers tend to use objective function–based methods
by updating specific loss functions or using a combination of
losses to overcome the model collapse of GANs. This occurs
when the generator continuously generates images with the
same distribution or generates images with the same texture
themes or color as the original image but with marginal
differences in human understanding [65]; for example, Ma et
al [42] used a least-squares loss function instead of sigmoid
cross-entropy. Therefore, their experiment greatly improved
the segmentation accuracy of the utilized model on both the
digital retinal image for vessels extraction (DRIVE) and
structured analysis of the retina (STARE) data sets by forcing
the generator to generate images with distributions close to
those of the real images. In Tu et al [78], the authors used the
WGAN-GP method to overcome the training instability of the
traditional GAN and generate accurate probability maps of BVs.
The WGAN-GP is an extension of the WGAN; it uses a gradient
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penalty instead of weight clipping to enforce the Lipschitz
constraint. This type of GAN can be trained faster and generates
higher-quality samples than those produced by WGANs
[61,68,70,78]. Last, Kadambi et al [79] proposed a framework
for domain adaptation guided by the Wasserstein distance metric
instead of typical adversarial methods for more stable training
and better convergence.
The subsequent layer in our taxonomy was to classify methods
according to the generator’s backbone (eg, U-Net based or CNN
based) [69]. Papers [42,46,49,51,57,73,75,76,80-87] represented
about 50% of the studies (n=16) and were U-Net-based
architectures. However, the other 50% of the papers
[43,46,50,51,58,74,77-79,88-94] were CNN-based generators
(n=16).
The study by Yu et al [46] was very intensive; the authors
proposed multiple-channels-multiple-landmarks as a new
preprocessing framework. They used a combination of
landmarks (vessel trees, ODs, and OC images) to synthesize
colored images with 2 types of GANs (Pix2Pix and CycleGAN).
Additionally, they used a Pix2Pix architecture with 2 different
generator structures (eg, U-Net-based and CNN-based). They
empirically demonstrated that the Pix2Pix network with a
ResU-Net generator using high-resolution paired images and
multiple-channels-multiple-landmarks outperforms every single
landmark-based GAN method regardless of their architectures.
Furthermore, they were able to generate significant and realistic
images.
The next distinguishing level in our taxonomy addressed the
landmarks used in the papers. As Figure 5 shows, references
containing “N” letters refer to a single landmark (eg, the BV,
OD, OC, retinal nerve fiber layer [RNFL], or rim loss [RL]).
These references contributed to 20/30 (67%) of the total papers.
Seventeen
of
them
were
BV-based
methods
[42,43,49-51,58,75,76,78,81-85,88,91,92,94]. Only 2 studies
[57,81] were OD-based detection approaches, and 1 [82] utilized
RNFL-based detection (Figure 6).
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Figure 6. Distribution of papers per landmark(s). BG: background; BV, blood vessel; OC: optic cup; OD: optic disc; RL: rim loss; RNFL: retinal nerve
fiber layer.

Another set of articles used multiple landmarks and was
represented with an “M” letter in Figure 5. These articles
contributed to 33% (10/30) of total papers. Some studies
[80,90,93] used the BV and OD, while [74,77,79,86,89] used
the OD and OC to classify the disease. In addition, Wang et al
[73] used RL and RNFL, and Yu et al [46] used BV, OD, and
OC.

PatchGAN and greater depth, which made it harder to train. By
contrast, 3 studies [57,81,89] proved that the 64 × 64 Patch-SAN
is the best, while one [84] concluded that a 120 × 120 patch is
better than a 64 × 64 patch size. Studies [80,88] concluded that
ImageGAN is better than PatchGAN. Last, pixel-level
annotation [50] is much more tedious than image-level
annotation.

The rest of the researchers used multiple landmarks, such as
[74,77,79,86,89], which involved OD and OC segmentation.
Studies [80,93] worked on BV and OD segmentation, and only
Wang et al [73] used RNFL and RL. The rest of the papers used
triple landmarks in their work, such as [58] and [90], which
involved work on BV, OD, and background, and Yu et al [46]
used BV, OD, and OC.

Each reference in Figure 5 is denoted with a letter indicating
the contribution of the relevant paper. Nearly 57% (17/30) of
papers worked on the segmentation task and were denoted by
(s), 17% (5/30) worked on image synthesis and were denoted
by (y), and only 2 papers worked on the classification task and
were denoted by (c). The remaining 6/30 (20%) papers worked
on multiple tasks (eg, sc, sy, ysc). Multimedia Appendices 1-7
summarize the literature results reported in the papers.

In the next layer of our taxonomy, articles were classified
according to the discriminator’s receptive field. As illustrated
in Figure 5, references with P, H, or G letters represent refer to
PixelGAN, PatchGAN, or ImageGAN, respectively. ImageGAN
papers were [42,51,58,80,86,88,90,93,94], while PixelGAN
papers were [49,73,74,76-78,82,91,92]. In addition, PatchGAN
papers were [43,46,50,57,75,79,81,83-85,87,89].
Isola et al [45] proposed a Pix2Pix-based conditional adversarial
network (cGAN) as a general-purpose solution to
image-to-image translation problems, and demonstrated that a
70 × 70 PatchGAN alleviates artifacts and achieves the best
scores. Scaling beyond 70 × 70 to a full 286 × 286 ImageGAN
did not appear to improve the quality of the results and, in fact,
the latter model obtained a considerably lower fully connected
network (FCN) score. This scaling mechanism may have been
effective because there are more parameters in ImageGAN than
https://www.jmir.org/2021/9/e27414
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Reviews and Surveys Category
In this category, 2 sets of reviews were identified. In the first
set, detailed discussion is presented about recent breakthrough
techniques of GANs, their development, variations, and medical
field applications. The second set shows the impact of deep
learning on ophthalmology. In total, this category includes 29/59
(49%) papers.
For the first set, studies [32,65,66,68-70,95-98] provided
detailed reviews about GANs including their basic background,
theory, and implementations. Also, they present current research
hotspots and proposed GANs in different applications. They
provided the reader with a clear insight into GANs’ advantages
and disadvantages, its different evaluation metrics, and proposed
a bright prospect of this technique. Studies [32,95] focused on
the importance of GANs, especially in medical field
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applications, and their capability to generate data through image
synthesis technique without explicitly modeling the probability
of density function. Wang et al [96] provided a further
investigation of GAN in parallel intelligence. Another study,
[99], discussed incorporating GANs in the signal processing
community, showing different training methods, constructing
GANs, and highlighting current challenges to their theories and
applications. References [100,101] are practical prospective
studies, and in [100], the authors tried to assess GAN algorithms
and find the best architecture among all. However, they
concluded that most of the models could achieve similar scores
with enough hyperparameter optimization and random restarts.
Additionally, they tried to overcome the limitation of evaluation
metrics by computing precision and recall on several proposed
data sets. Also, in [101], the authors reproduced the current
state-of-the-art GANs, aiming to explore their landscape,
discussing their pitfalls, and reproducibility issues. Turhan and
Bilge [102] presented a comprehensive study about generative
models such as GANs and autoencoders (AEs) and identified
the relationship among them for better understanding and
emphasizing on the importance of generative models. Oussidi
and Elhassouny [103] proposed a starting point survey for those
who have interests in deep generative models such as deep belief
networks (DBNs), deep Boltzmann machine (DBM), restricted
Boltzmann machines (RBMs), VAE, and GAN. They explained
their building blocks, learning procedures, and limitations.
In the second set of articles, [52,54,72,104] presented an
overview of DL applications in ophthalmic disorder using digital
fundus images. They summarized the publicly available data
sets used for different retinal diseases such as cataracts,
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retinopathy, glaucoma, and age-related macular degeneration.
They also provided a detailed summary of the pros and cons of
this emerging technique for both computer scientists and
ophthalmologists and specified the clinical and technical aspects
to address deep learning challenges and future directions. Some
studies [56,105,106] discussed the importance of clinical
considerations and potential challenges for clinical adoption
and telemedicine integration to reduce cost, increase accuracy,
and facilitate health care accessibility. Ting et al [53] described
the importance of deploying deep learning algorithms within
clinical settings. Hogarty et al [55] clarified the
misunderstanding between ML and deep learning terms and
presented an overview of AI and its development in the
ophthalmology field. Mayro et al [107] also provided an
overview of AI and deep learning DL applications in glaucoma
detection using fundus images, optical coherence tomography,
and visual field interpretation.
Other studies, [20,108], followed the systematic framework in
their reviews: [20] discussed the main algorithms used for
glaucoma detection using ML, indicating the importance of this
technology from a medical aspect, especially retinal image
processing, whereas [108] performed a systematic review on
investigating and evaluating DL methods’ performance for
automatically detecting glaucoma using fundus images.
Figure 7 illustrates the publicly available data sets, their sizes,
and how often researchers used them. Each data set is collected
using a particular camera with different standards and used for
a specific disease type. Thus, generalization is the key problem
of DL approaches as described in the “Challenges” section.

Figure 7. Total use of various datasets in glaucoma screening.

As Figure 7 illustrates, DRIVE and STARE are the most
frequently used data sets. In other words, researchers often rely
on BV segmentation in the diagnosing process [72]. However,
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few researchers have used Messidor-1, high-resolution fundus,
2D Neurons(NeuB1), and CHASEDB. For OD and OC
landmarks segmentation, DRIONS-DB, retinal fundus glaucoma
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challenge (REFUGE), ORIGA, RIM-ONE (r3/v2), and
Drishti-GS were the most used, while seldom used is the
large-scale attention-based glaucoma (LAG) data set, which is
for RNFL and RL landmarks segmentation.

Saeed et al
Figure 8 shows the distribution of the collected papers per year
regardless of their duplications. The statistics in Figure 8
indicates the recent interest of researchers to adopt GANs
techniques. Furthermore, it reveals the need to explore this
newly emerging technique in ophthalmology. Therefore,
extensive further work is needed to cover this area of research.

Figure 8. Distribution of papers per libraries. WOS: Web of Science.

This work has targeted 5 search engines: Scopus, ScienceDirect,
Web of Science, IEEE, and PubMed, which are highly reputed
and reliable resources for research. They include studies on
implementation of deep learning techniques for different retinal
disorder fields to help ophthalmologists and patients. Journal
articles comprised 36 papers and only 23 were published in
conferences.
According to Multimedia Appendices 1-7, each paper has used
a different set of evaluation metrics; thus, we concur with Yu
et al [46] in concluding that there are no uniform evaluation
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indexes in the literature to evaluate synthetic and real images.
To further clarify this issue, Figure 9 shows the distribution of
evaluation metrics used in the collected papers. To present
Multimedia Appendices 1-7 visually, a T-shaped matrix diagram
in Multimedia Appendix 8 illustrates in the upper part, named
“Metrics used,” the total use of each metric in all articles
according to the used data set. Similarly, in the lower part,
named “Task,” the diagram shows the total use of each data set
in all articles according to a specific task (classification,
segmentation, or synthesizing).
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Figure 9. Distribution of frequently used evaluation metrics in glaucoma screening. AUC: area under the curve; BLE: Boundary Distance Localization
Error; IoU: Intersection over Union; ISC: Image Structure Clustering; MCC: Matthews correlation coefficient; mAP: Mean Average Precision; MIoU:
Mean Intersection over Union; PSNR: peak signal-to-noise ratio; ROC: receiver operating characteristic curve; SSIM: structural index similarity.

Based on the observations of the upper part of the diagram, the
top 5 metrics (sensitivity, specificity, accuracy, area under the
curve [AUC], F1 score, and Dice Co.) were used the most with
various data sets. Furthermore, 87% (13/15) of metrics were
mainly performed on STARE and DRIVE data sets, unlike other
data sets, such as Rim-ONEv3 and Drishti-GS, that use another
set of metrics (eg, F1 score, Dice Co, peak signal-to-noise ratio,
structural index similarity, and δ) to evaluate the performance.
This indicates the need to consider standard effect metrics in
future research irrespective of the type of data set used.
By contrast, in the lower part, the segmentation task was
reported as the most applied task in the collected articles,
followed by images synthesizing, with the classification task
being the seldom applied. Nevertheless, the best results reported
were in a classification study by Bisneto et al [81], which
utilized a combination of Dristh-GS and RIM-ONE data sets.
They achieved 100% in sensitivity, specificity, accuracy, and
AUC in OD/OC classification. Their method was based on
cGANs with taxonomic diversity and distinction indexes.
Although most of the studies are on segmentation tasks and
professionally segmented BVs and ODs [42,78,80,91], they still
lack segmenting fine and small vessels and suffer from false
positives. By contrast, images synthesizing attracted increased
interest of researchers, as it assists in overcoming the shortage
of medical images. Some researchers, such as [58,87], have
used GAN with adversarial AE to enhance the generated image
and some others tend to rely on using different loss functions
to better train G and D networks. However, generated images
are blurry, noisy, and of low quality with lack of details. Other
studies, such as [76,88,89,94], adopted preprocessing (eg, data
augmentation, localization of ROI, automatic color equalization)
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and postprocessing (eg, Lanczos resampling method,
morphological operation, contrast enhancement) to enhance the
performance of their methods, and they experienced a further
improvement in their segmentation result.

Discussion
Principal Findings
This study aimed to provide a detailed summary of the literature
on retinal disease detection or segmentation, particularly
glaucoma, using GANs and highlight the recent trends exhibited
by researchers on this topic. We mainly focused on articles that
worked on enhancing the segmentation or detection of the
disease rather than improving GAN techniques. Furthermore,
we provide a taxonomy of papers related to this area to further
assist future research.
Several benefits may arise from our taxonomy. First, organizing
tens of papers in a single diagram provides better understanding
of literature work, as people with less experience may be
confused if many papers remain unorganized. Second, the
taxonomy helps sort literature works and activities into
meaningful, easy to manage, and coherent frameworks. Third,
it provides researchers with better insights into a given theme,
thus finding current literature gaps and discovering new research
directions. Last and most importantly, it helps highlighting
articles’ strengths and weaknesses of a particular research scope.
From the developed taxonomy, we can quickly see that all the
published papers followed the direct method of the GAN
architecture; hence, there is an urgent need to discover the
impact of the hierarchical or iterative method on glaucoma
screening. Moreover, almost all of the researchers worked on
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BV segmentation, and very few used OD and OC segmentation,
which are the most reliable indications of glaucoma according
to ophthalmologists. Future GAN research should focus on
disease classification rather than on the segmentation of retinal
anatomy. Most of the literature studies faced difficulties in terms
of the early detection of glaucoma and low segmentation of fine
vessels; therefore, alternatives should be developed, for example,
using the RNFL to indicate the early presence of the disease or
exploiting the prior knowledge of vascular connectivity to
improve upon the segmentation performance of the current
methods. Although the RNFL is a good sign for early glaucoma
screening and has been incorporated as one of the gold standards
of glaucoma evaluation [109], very few studies utilized the
RNFL with GANs. OD/OC segmentation may lead to
interference with pathological aspects such as large genetic OD
sizes. Based on the reviewed papers, we noticed that only one
article [1] has used RNFL for glaucoma screening. Although
that study achieved impressive results, the authors used a private
data set.
Most of the previous studies concentrated on the segmentation
task. As much as 17/30 papers worked on retinal landmark
segmentation [1-17], while only 2 papers worked on disease
classification [18,19], and 5 papers worked on image synthesis
to address the lack of medical images [20-24]. However, the
rest of the papers (6/30) performed multiple tasks (eg,
segmentation and classification, synthesis and segmentation)
[25-30]. In conclusion, more than 50% (17/30) of the literature
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worked on segmentation task and few researchers have worked
on classification and synthesizing retinal images. Therefore,
future studies should take these statistics into considerations.
In the following sections, the included papers will be discussed
in detail. We present comprehensive diagrams showing the
factors that motivate researchers to carry out their work in this
area, highlighting their encountered challenges, and
summarizing significant recommendations for addressing their
faults in future work.

Challenges
Overview
Glaucoma is a serious disease. Therefore, researchers and
developers attempt to exploit the magic of DL technique to help
doctors and patients diagnose the disease at its early stage.
However, various challenges hinder their expectations; some
of those challenges implicitly exist in the nature of DLMs, or
are somehow incorporated within DLMs (eg, data richness,
diversity of data, and powerful hardware), besides the challenges
of GANs architectures (eg, model collapse, optimization, Nash
equilibrium, and evaluation metrics). All these challenges have
been summarized and discussed in this section along with their
relevant references to provide the readers with direct access to
the original papers for further discussion. Figure 10 categorizes
literature challenges into 6 groups to further assist discussion.
Each group is indicated with a separate shape.
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Figure 10. Challenges of glaucoma screening using GANs technique. AL: artificial learning; GAN: generative adversarial network.

Challenges Related to Patients
The silent progress of glaucoma disease constitutes a crucial
challenge worldwide. Half of the infected people do not
experience any symptoms at early stages [5-7]. According to
various studies, more than 60 million cases were diagnosed
globally in 2013, and it is expected to exceed 75 million and
111 million cases by 2020 and 2040, respectively [9,10].
Especially among rural populations, China and India are
considered to be the home to approximately 40% of glaucoma
cases globally [110]. These populations, mostly in developing
countries, suffer from difficulties in accessing medical centers,
unavailability of experts, high costs of health care, and
sustainability of health care services [111], in contrast to
Western countries, where health care is cost-effective and
different socioeconomic situations of patients are supported,
and thus treatment for glaucoma remains affordable [106].
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In addition, the recent pandemic, COVID-19, has enforced social
distancing during communication. Therefore, there is a great
need to promote ocular screening in conjunction with
telemedicine as a remote monitoring tool [112], alongside the
presence of handy cheap smartphones, whereby patients can
collect their own IOP data themselves with accurate tonometers
and free anesthesia [113]. Although DLMs positively affect
both doctors and patients’ style in terms of decision making,
cost affordability, and health care accessibility, there remain
some serious challenges, such as technical and clinical
challenges, interpretation of the results, and patient trust in
machines [112]. Zapata et al [114] predict that very soon AI
will start assisting specialists in achieving high levels of
consistency and accuracy beyond human abilities.

Challenges Related to Reliability
Reliability is a key to adopting computer technology in the
medical field. Deep learning techniques may misclassify
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segmenting some pixels due to low image contrast or heavy
overlap between foreground and background pixels, leading to
false-positive/false-negative result [57,81]. In some cases,
doctors are dissatisfied with deep learning segmentation
performance, as it is not as real as their expectations. Taking
RNFL segmentation as an example, the segmentation results
do not have specific geometrical shape of RNFLD as the gold
standards and large segmentation errors of fundus images [83].
Furthermore, the variability of shape and extremely
inhomogeneous OD structure appearance result in inaccurate
CDR measurement compared with ideal ones [115-117]. In
some cases, deep learning approaches neglect domain
knowledge that doctors care about, such as CDR [118].
Existing methods often suffer from poor segmentation of the
fine vessels [78,80] due to weak ability of antinoise interference
or insufficient segmentation of vessels [49]; therefore, prior
knowledge of BVs connectivity may improve the segmentation
performance. Meanwhile, the low reliability of manual detection
and the small size of public data sets increase the complexity
of morphological assessment of nonglaucomatous optic
neuropathy [119,120]. Robust ground truth labeling must be
generated after a comprehensive evaluation, including structural
imaging, clinical examination, and perimetry [121]. Doctors
mostly decide the disease status. Although all clinical symptoms
occur, it can lead to differences within annotators, and thus
exaggerated annotations [52,106,122,123]. The reliability of
glaucoma algorithms is restricted due to the lack of reference
ground reality for glaucoma [115,124]. DLMs have a remarkable
ability to address glaucoma. However, it is critical to have
gold-standard algorithms for assessing and detecting glaucoma
[54], as well as for editing or synthesizing images using the
GAN techniques [97].
Sometimes, researchers tend to exclude low-quality or sparsely
annotated images during the training phase; this kind of regime
weakens the algorithm and leads to less reliability in real-life
cases [111]. Furthermore, incorporating nonspecialists for image
grading limits the reliability of identification [125]. Finally,
although most of the reviewed papers have shown outstanding
diagnostic performance, at times researchers do not mention
some hyperparameter values used in the training stage,
particularly when they use their own private dataset [112].
Excessive screening can result in overdiagnosis. DLMs could
also be harmful if the diagnostic software is issued directly to
patients, as future opportunities and risk of AI could be
magnified [55].

Challenges Related to Biological Effects
Pathological change and image quality play a major role in the
accuracy of glaucoma diagnosis [57,73,123]. Early and moderate
glaucoma stages are considered one of the biggest challenges
faced by ophthalmological practice due to the marginal variation
size of CDR compared with normal eye [126]. Serener and Serte
[127] have used ResNet-50 and GoogLeNet with transfer
learning for early and advanced glaucoma detection, and found
that GoogLeNet outperforms ResNet-50 with a trade-off
performance between sensitivity and specificity. Besides,
Bisneto et al [81] proposed GAN-based OD segmentation allied
with an index of taxonomic diversity for extracting texture
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attributes aiming to detect early stages of glaucoma. They
achieved outstanding results reaching up to 100% for accuracy
and 1 for the receiver-operating characteristic curve. The
misclassification of glaucoma and nonglaucoma is usually due
to heavy overlap and extremely bad contrast between ocular
structure and the background, leading to unsatisfied
segmentation performance due to OC’s undistinguishable
boundaries [116]. Low-quality images (blurring and contrast)
can result in unreliable model predictions. Furthermore, the lack
of a clear OC border increases the misclassification rate [128].
There is a trade-off between image’s quality and computational
parameters of the network [129]. Therefore, the need for DLMs
to downsample images into lower resolution (ie, 224 × 224) to
reduce the computation time leads to reducing image contrast,
and hence deteriorating key diagnostic parts of ocular images
and weakening the capability to recover contextual information
[86]. By contrast, performance of DLMs varied among
ethnicities, for example, the Saudi population’s performance is
not the same as on Western populations. The differences among
populations is due to the richness of melanocytes in the retinal
pigmented epithelium of darkly skinned people compared with
Whites [52]. Therefore, data sets used in glaucoma detection
must follow specific standards to ensure heterogeneity and
diversity of images.
Multiple eye disorders such as high myopia or pathologic are
another major challenge leading to false-negative and
false-positive results [54]. The main reason for the incorrect
segmentation of glaucoma in myopia cases is the alteration of
the macula and optic nerve appearance. In addition, the use of
RNFL imaging for glaucoma diagnosis in patients with diabetes
should be made carefully [130]. Myopia affects macular and
RNFL thickness measurements due to the thinning and
stretching of these layers caused by the increased axial length
and optical projection artifact of the scanning region [131].
Myopia mostly causes misclassification of glaucoma due to its
irregular ONH appearance [132]. In severe myopic cases, the
color contrast between the foreground (OC) and the neuroretinal
rim decreases due to an increased pallor in the rim. Furthermore,
the increased pixels’ values brighten the underlying peripapillary
tissue and lead to difficult evaluation of the RNFL in the
peripapillary area. In addition, torsion or tilting of the OD can
occur, and the OD’s rotation can result in an oblique view of
the ONH [128].
In other cases, it is hard to distinguish between physiologic
large cups and glaucomatous cases because both cases share a
common feature (eg, large CDR) [117]. Diseases such as OD
edema, OD hemorrhage, and glaucoma frequently make
segmentation of OD rather difficult [133]. By contrast, retinal
BV segmentation also has inherent challenges such as incorrect
segmentation of pathological details and low microvascular
segmentation [40].

Challenges Related to Availability/Services
Time, efforts, and lack of experts are the main challenges of
medical care centers [88,134]. Therefore, computers have been
increasingly used for automatic retinal segmentation to serve
as a second opinion to the doctors, improve the diagnostic
accuracy, and reduce the tedious work of annotating images
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[43,46,135]. Particularly, GANs showed impressive performance
in medical image synthesis and it is usually employed to tackle
the shortage of annotated data or lack of experts [74,79,95].
Generally, medical images are usually rare, expensive, and full
of patient privacy issues [51,88] and the publicly available data
sets are often imbalanced in size and annotation [46,57,84]. In
general, segmentation tasks suffer from an immense problem
of class imbalance. Thus, the accuracy metric is not sufficient
alone until concluding a system’s efficiency on both sensitivity
and specificity. They should, however, be considered as an
essential evaluation metric [72].
Diaz-Pinto et al [90] proposed a GAN method with
semisupervised learning to develop a good image synthesizer
to tackle the shortage of retinal image availability and support
generalization ability. Additionally, Liu et al [136] created a
large-scale glaucoma diagnostic fundus images (FIGD) database.
They proposed the glaucoma diagnosis with a complicated
neural networks method for automatic detection of glaucomatous
optic neuropathy. Importantly, the method has the potential to
be generalized throughout populations.
Various GAN-based methods have been proposed to mitigate
image labeling [43,50,51,75,87,92]. However, this challenge
remained open as the current literature results are still inaccurate
(eg, fail to generate very thin vessels). Lahiri et al [43]
concluded that the diversity of annotated images is more
important than the actual number of annotations. Finally, rural
areas experience difficulties in locating ophthalmologists. This
also necessitates more future work to use telemedicine in
ophthalmology [55].

Challenges Related to the Nature of Deep Learning
With the recent advancements in DLM methodologies,
promising results in the field of ophthalmology have been
obtained. Many GANs and CNNs models are proposed in
computer vision. However, DL approaches face several
difficulties, such as domain shift.
Domain shift is the disparity in appearance distribution between
various data sets due to different camera settings, illumination
variation, different screening angles, or out-of-focus ROI. As
a result, domain shift hinders the generalization capability of
deep networks [89]. In most literature, training and test data
sets come from the same image distribution. However, this is
not always the case in real life. Therefore, it may significantly
damage the real-life applications if not handled beforehand [72].
Kadambi et al [79] proposed an unsupervised domain adaptation
framework by allowing the model to learn domain-invariant
features to enhance segmentation performance and
generalization capability. Wang et al [77] tried to align the
distributions of the source and target domains so that the labeled
source images can be used to enhance the classification
efficiency of the target domain.
Deep learning addressed many issues in the traditional methods
of ML. However, it also brought new difficulties. The most
crucial issue is the ambiguity of the diagnosing result; in other
words, the blackbox problem [53,56]. DLMs are blackbox in
nature and do not have diagnostic explanations to confirm their
effectiveness in a real clinical setting. Wang et al [73] proposed
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a pathology-aware visualization approach for feature
visualization using DNNs to explain better how decisions are
taken by computer, and therefore find pathological evidence
through computer-aided diagnosis. Furthermore, for this
purpose, Zhao et al [115] proposed a weakly supervised model
due to its ability to simultaneously learn the clinical evidence
identification and perform the segmentation task from
large-scale weak-label data that further improves glaucoma
diagnosis.
The lack of publicly available data sets for training the model
is another significant challenge concerning deep learning
approaches. Therefore, Orlando et al [132] proposed a data set
named REFUGE, which contains 1200 fundus photographs with
standard gold segmentations and clinical glaucoma marks.
Moreover, Li et al [137] created the LAG database containing
11,760 fundus photographs classified as either positive glaucoma
(4,878) or negative glaucoma (6,882), which is the largest
among the currently existing databases. According to Asiri et
al [52], the key problem of constructing a robust deep CNN
method is not the availability of broad data sets but instead the
diversity of annotation of those images [43]. A major difficulty
of each algorithm is its validity in multiple patient cohorts with
diverse conditions. Therefore, for a DLM to be sturdy, it must
be effective across various data sets [105].
Recent studies demonstrated that more complicated and
informative image features might be discovered when growing
the depth of the network [138,139]. However, as the network
depth rises, deeper CNN has poor diagnostic efficiency due to
the gradient disappearance issue or the gradient explosion
problem [88,140,141]. Researchers mostly use shortcut links
(skip connections) that skip one or more layers while training
deep networks, as was the case with [88,126,128,129].
Alternatively, in GANs techniques, using WGAN or LSGAN
gives a smoother gradient that contributes to stable training
[42,79]. Another concern that should be considered before
building up deep models is the computation time. As there is a
trade-off between model’s depth and the efficiency, the deeper
the architecture the greater the number of parameters it gets,
which eventually increases computation time [140].

Challenges Related to GAN Technique
Despite all the ongoing developments and studies, GANs suffer
from several challenges and weaknesses besides the challenges
related to deep learning nature (eg, blackbox, generalization
capability, computation time, and annotation cost). The most
critical concern with GANs is the instability of the training
process (Nash equilibrium point) [98,142]. Zhao et al [82] used
the residual module that allowed easy optimization of
competitive networks, while Tu et al [78] used WGAN-GP to
alleviate training instability of the traditional GAN. Biswas et
al [92] carefully adjusted hyperparameters to balance between
the 2 networks (G and D). Park et al [94] improved learning
performance and mitigated imbalanced learning by introducing
new loss functions for the generator and re-designing the
discriminator’s network. However, it remains challenging to
determine which algorithm works better than others or what
modifications are critical to enhancing the results. Lucic et al
[100] found that most models could achieve comparable scores
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with appropriate hyperparameter optimization and random
restarts. According to Kurach et al [101], the nonsaturating loss
over data sets, architectures, and hyperparameters is sufficiently
stable.
Besides, in GANs, the possibility of mode failure/collapse
persists while training the model. Model collapse occurs when
data generated from GANs mostly concentrate on very narrower
modes (partial collapse) or 1 single mode (complete collapse)
[68,99]. By contrast, if the discriminator becomes very strong
during training, the generator gradient gradually decreases and
eventually disappears. As a result, the generator learns nothing.
The imbalance between generator and discriminator networks
contributes to overfitting. Many approaches have been proposed
to tackle these challenges; for example, Radford et al [59] aimed
to address instability training issues, and Kadambi et al [79]
created a new adversarial domain adaptation architecture, led
by Wasserstein for better stability and convergence.
The lack of standard evaluation metrics is another big issue in
GANs compared with other generative models. Inception score
(IS), average log likelihood, Fréchet inception distance (FID),
Wasserstein metric, etc. are quantitative measurements of GANs.
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There is no majority vote on which assessing measurement is
the best. Different scores rely on various aspects of image
generation. However, some measurements seem more plausible
than others (eg, FID is more durable to noise). FID can compare
the similarity between real and generated images [143], which
is considered more effective than IS [70].
In conclusion, the main causes of GAN problems can be
summarized as follows: (1) The distance calculation of the
corresponding optimization (such as Kullback–Leibler
divergence and Jensen–Shannon divergence) is unreasonable.
(2) It is difficult to overlap the generated distribution with real
distribution. Although the GAN technique is a new, interesting,
and attractive field of study in many applications, further studies
are needed to resolve the uniqueness of generated samples, poor
convergence, and complete model collapse challenges.

Motivations
Adopting deep GAN in ophthalmology is a promising and
significant field of study. This section reports some of the
literature’s characteristics, which we classified on the basis of
references to support further discussion (Figure 11).

Figure 11. Benefits of GANs-based methods for glaucoma screening. DCNN: deep convolutional neural network; GAN: generative adversarial network.

Motivations Related to Experts/Doctors
Detection of any retinal defects must be through analysis of
ocular images. Analysis of retinal images, however, must
involve trained physicians to analyze and assess digital color
fundus images. Such a process requires a great deal of time and
human work; therefore, GANs support doctors in mitigating
this extensive bottleneck [50,51,91]. Furthermore, deep GANs
techniques are unlike CNNs, where the same GAN approach
could be applied to a wide variety of cases and still produce
reasonable results [45]. GANs can detect the OD in fundus
photos with pathological changes or irregular highlights [57,86].
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In the case of vessel segmentation with CNN-based methods,
outputs are usually blurry around small and weak branches or
suffer from a problem of nonconnectivity of segmented vessels;
however, GANs better segment capillary/thin vessels of fundus
images [76,80,84], and thus serve as a second opinion to
ophthalmologists [72]. GANs are the framework that allows to
create and use practical outputs as a gold standard [44].
Therefore, these frameworks were adopted by Lu et al [83] due
to their ability to generate the required specific geometry of
RNFLD, which is close to ground truth with high precisions,
accuracy, and fewer segmentation errors, despite the existence
of multiple pieces of RNFL or low-contrast images. Thus, its
J Med Internet Res 2021 | vol. 23 | iss. 9 | e27414 | p.159
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
segmentation results are much more trusted by doctors than
CNN’s.
Adversarial learning avoids scarcity of manual annotation and
subjective segmentation made by non-expert clinicians as this
methodology is mainly data driven [72,85]. In glaucoma
classification, enforcing GANs to synthesize images with similar
visualization results as the reference image will help mitigate
the drawbacks of binary labels (negative or positive) that limit
the visualization methods to recognize pathological facts
underlying diagnosis by DNNs [73].

Motivations Related to Researchers
Deep learning in retina images is very effective and useful [72].
However, they are often affected by domain shifts across data
sets. As a result, a generalization of DLMs was severely
hindered. Therefore, researchers tend to exploit generative
adversarial learning for domain adaptation by encouraging the
target domain predictions to be close to the source ones [79,89].
Domain adaptation is often used to overcome the lack of large
pixel annotation using off-the-shelf annotated images from other
relevant domains. Alternatively, researchers exploit the existence
of a large amount of unlabeled data to train a classifier using
the power of DCGAN in a semisupervised learning scenario
[90]. Semisupervised learning is in the middle way between
unsupervised and supervised learning; therefore, less human
intervention is required when combined with GANs for better
semantic segmentation [74]. Using GANs techniques, Lahiri et
al [43] performed image segmentation with very few annotated
samples (0.8%-1.6%), nearly 500-1000 annotations. Further,
Zhao et al [93] proposed an image synthesizer using GANs with
style transfer and then integrated the outputs into the training
stage to boost segmentation efficiency using just 10 samples.
With deep adversarial learning, researchers aim to reduce
domain discrepancy [144,145] by improving the quality of the
generated outputs to be as close as possible as the inputs. Wang
et al [77] exploited label information for matching domain
distribution. Ma et al [42] applied the least-squares loss function
instead of sigmoid cross-entropy to generate images with
distribution close to the real ones and also alleviate gradient
vanishing problems. Furthermore, Liu et al [57] added a
patch-level adversarial network to enhance image consistency
between ground truth and the generated samples, which further
boosts segmentation performance.
GANs are capable of learning the mapping from the input image
to the output image as well as learning a loss function to train
this mapping [45], unlike existing DLMs, which use a unified
loss function for retinal vessels segmentation, thereby producing
blurry outputs with false positives around faint and tiny vessels
[84], which is in contrast to GAN variations (eg, WGAN-GP
and M-GAN) that provide accurate segmentation results around
small and weak branches [78], reduce low microvascular
segmentation [94], and preserve the connectivity of
arteriovenous vessels [76]. Moreover, AEs and GANs in a single
system facilitate generating vessel maps without the previous
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existence of retinal vessel tree [87]. Besides, unconditional
GANs can synthesize retinal images without using prior vessel
images [92].
Although researchers recommend using DCNN for efficient
segmentation tasks [146], the existing limitations of DCNNs
are insufficiency of feature extraction, weak generalization
capability, and poor capability to recover low-context
information, unlike GANs, which are used to alleviate these
problems as in Jiang et al [86], who proposed GAN with transfer
learning, data augmentation, and skip connection concepts to
overcome these challenges. Bisneto et al [81] impressively
improved glaucoma segmentation and classification results
using GANs allied with texture attributes identified by
taxonomic diversity indexes. They achieved promising results
(sensitivity, specificity, and accuracy of up to 100%).
For optimizing network complexity, Wu et al [49] applied the
attention Gates technique in a standard GAN to encourage the
propagation of features, promote reuse of features, and greatly
reduce network parameters when paired with DenseNet instead
of conversion layer. Alternatively, using dilated convolutions
in the generative networks effectively expands the generator’s
receptive field without the number of calculations [82].
Adversarial training has been shown to improve the long-range
spatial label interaction without expanding the segmentation
network’s complexity [147].

Motivations Related to Medical Centers
We think the best medical treatment is achieved when the
doctor–patient relationship is built on honesty and concern. DL
cannot substitute real relationships, but can complement them
[104]. GAN architectures are versatile. For various training
samples, the objective feature can be re-designed and more free
model designs can be used [98]. The extraordinary feature of
GANs in the medical field is synthesizing high-quality images
with global consistency(eg, color consistency and both BV and
OD occupy the same proportional area as the real images)
[58,92]. Bisneto et al [81] proposed a method that learns the
mapping function between retinal landmarks (BV, OD, and OC)
and synthesizes images using the 3 channels (RGB).
Furthermore, the method exploits the merit of a large receptive
field of GANs to generate good segmentation results [82].
Incorporating GAN techniques in the medical field helps enrich
health care centers with various data and effectively solves data
imbalance problem [87,134]. As a result, this feature facilitates
solving ethical issues surrounding patients’ privacy [72], saves
memory and time needed to collecting images [79], reduces
costs [88], and saturates the nature of data-hungry DLMs [51].

Recommendation
In this section, we briefly include guidelines from the literature
to alleviate existing challenges faced by researchers, doctors,
medical centers, and patients, as well as present ways to achieve
a correct diagnosis of retinal defects (Figure 12).
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Figure 12. Recommendations of using GANs-based methods in glaucoma screening. AI: artificial intelligence; CAD: computed-aided design; GAN:
generative adversarial network; OC: optic cup; OD: optic disc; VAEGAN: variational autoencoder with GAN.

Recommendations to Doctors and Medical Centers
Higher-image resolutions significantly improve performance
of GANs [87,148]. The key factor in obtaining GAN’s
high-quality synthetic outputs is the high-resolution paired
images and the architecture of the generator [46]. Moreover,
annotation variety is more important than the actual number of
annotations [43]. Therefore, doctors must develop a public data
set with high-resolution images that meet the quality assessment
system [105]. Furthermore, it must be accessible and include
multiethnicities to ensure generalization capability [108].
Besides, experts must validate deep learning models on the
sizable heterogeneous population under different conditions
[52], as direct release of DL application without prior checking
could be harmful [55].
To improve public health, reduce health care costs, and enhance
patients’ perception, doctors shall adopt DL techniques in the
medical field to tackle these challenges [53]. Adopting deep
learning applications in magnetic resonance imaging and X-ray
image processing is an interesting area of research [93]. All
glaucoma studies emphasized the importance of CAD programs
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for early disease detection and for improvement of screening
reliability [20].
In the future, GANs may be utilized to speed up AI development
and application, allowing AI to comprehend and explore the
environment [66]. Innovative and radical solutions for the health
care system must be improved alongside glaucoma screening
[106]. Significant improvements in instrumentation and
interpretation can lower the cost of glaucoma screening in the
future. Embedding glaucoma AI algorithms in the electronic
medical record will improve outpatient management [107].
However, it is up to the physicians to lead the way in deciding
how to incorporate AI in a new era of glaucoma management.
Automated retinal imaging technologies can reduce barriers to
access and monitoring of the health system. Thus, AI integration
into ophthalmology can improve patient care [56], help
clinicians focus on patient relationships, and enhance health
services [104], all of which can decrease irreversible blindness
[54]. GANs can reduce the scarcity of manual data annotation
and also be used as a clinical support tool [72].
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Recommendations to Developers
A CNN in a generative learner is used for image segmentation
tasks and obtaining successful outcomes [149]. GAN is an
inclusive system that can be combined with various deep
learning models to address problems that conventional ML
algorithms cannot solve, such as poor quality of outputs,
insufficient training samples, and deep feature extraction [68].
Furthermore, it outperforms conventional methods in editing
and synthesizing image [69]. GAN allied with transfer learning
can effectively reduce misjudgment of OD/OC in glaucoma
cases and improve accuracy and generalization capability;
however, better backbone network and different upsampling
methods are required to improve performance [86] and exploring
other downstream tasks may enhance the model’s performance
[93]. Although there is a vast increase of GAN applications,
further studies are required to improve its efficiency and
performance [70]. Incorporating spatial information,
attention-based information, feature-maps information, and
image channels (RGB) to improve network performance is a
current research trend [140].
GANs can generate samples with distribution close to real data.
Thus, they can be used in a systematic study of parallel systems
[96]. GANs or its variants remain the future trends for mitigating
imbalanced learning through generating samples close to real
data, or enhancing model performance when combined with
VAEs [58,65,72]. Thus, it is used as a sophisticated data
augmentation technique to generate heterogeneous samples and
ensure prognostic characteristics of images [52].
To date, only a few studies have experienced AI technologies
in teleophthalmology [56]; photography using smartphones can
be used as a diagnostic tool for ocular diseases [105]. Nowadays,
there is a great need for remote disease monitoring and screening
[107], especially during the COVID-19 pandemic and the vast
infection transmission [150]. Thus, future study should
emphasize on deep learning and telemedicine/teleretinal as
potential gamechangers in the eye-care field [106].
Wang et al [89] proposed a very lightweight network
architecture for joint OD and OC segmentation based on the
MobileNetV2 backbone, which has few parameters and half
testing time compared with the XCeption backbone, which
promotes the network as a mobile app for glaucoma detection.
Bisneto et al [81] presented GAN and texture features for
automatic detection of glaucoma, and achieved impressive
results that reached up to 100% for sensitivity, specificity, and
accuracy. The authors indicated a proposal to transfer their
method into a mobile app in a future study.
Future research should emphasize GANs and semisupervised
learning for image synthesizing, aiming to improve the
classification accuracy and the quality of the generated images
simultaneously [43,75,90]. Adopting GANs in the medical field
remains in its infancy, with no breakthrough application yet
clinically implemented for GAN-based approaches [95]. For
better feature extraction, researchers must exploit full feature
information on RBG channels, spatial structure, and geometry
of landmarks [83]. Semantic segmentation may reduce manual
labeling effort [50,74] and enhance model performance when
incorporated with WGAN domain adaptation [79]. In
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ophthalmology diagnosis, adversarial domain adaptation can
be an important and effective direction for future research
[72,88,151]. In addition, exploring the relationship between the
quality of the generated image and the performance of the CAD
system is needed [46].
With the envision to improve deep learning performance,
preprocessing and postprocessing are essential for accurate
segmentation [52,80,94]. Barros et al [20] concluded that data
set size has a huge impact on the results. However, Lahiri et al
[43] amazingly demonstrated that annotation diversity is more
important than annotation count. GAN can make use of large
amounts of unlabeled data [66,87].
Regarding GAN evaluation metrics, future studies should focus
on more objective and systematic evaluation methods. However,
further FID examination is required [100]. Developing
quantitative assessment metrics thus remains a crucial research
direction [152,153]. Researchers should evaluate their
segmentation performance on public data sets [74] with
heterogeneous and multimodal designs using less data-hungry
algorithms [105]. In addition, the performance other classifiers
(eg, XGBoost) and other cGAN architectures should be
examined for faster and more accurate learning [81].
For glaucoma diagnosis, CDR and ISNT metrics present
substantial information to be assessed [20]. More studies are
needed to assess the validity of ophthalmology applications to
detect AMD, diabetic retinopathy, and glaucoma in terms of
accuracy, sensitivity, and specificity [54]. AUC, sensitivity, and
specificity should be included in AI studies as the bare minimum
[53].
Moreover, future research may utilize fine-tuning and data
augmentation techniques to effectively improve model
performance [52,81,86] and increase data set size for better
training, and thus, synthesizing better classifiers [77]. GANs
strength lies in its discriminator [32,80]. Duplicating the
generator’s structure improves robustness [94]. Adding more
network layers help capture more in-depth features [82].
Training and optimizing the model remain critical [84,87], with
regard to careful balancing between G and D [92]. Patch-based
images should be used as input for both G and D [51,84].
U-GAN instead of U-Net should be used to improve the model’s
performance [49]. Additionally, exploiting previous knowledge
of vessel structure [78,80,92] is critical for accurate
segmentation [91]. Objective function supported with various
loss functions may enhance model performance [84]; for
example, WGAN-GP can avoid gradient disappearing and
enhance training [92], Dice coefficient loss function for
segmenting hard images [57], and least-squares loss function
with dilated convolution can enhance small vessel segmentation
[42]. On top of that, topological structure loss can enhance the
connectivity of A/V classification [76], whereas binary
cross-entropy loss function with false-negative loss function
can improve training efficiency and increase segmentation
robustness [94]. Furthermore, an adversarial loss can reduce
the domain overfitting [154], and Wasserstein distance is
preferable for domain adaptation, as it decreases the probability
of mode collapse and avoids the gradient vanishing [79]. Weight
normalization along with average pooling is the best design
J Med Internet Res 2021 | vol. 23 | iss. 9 | e27414 | p.162
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
setting when structured prediction is used with U-Net [43].
Exploring a combination of different styles instead of training
dedicated models for a particular style is necessary [93]. MISH
is a modern activation function that presented better results than
ReLU on most current benchmark data sets [155].
To date, explainable DLMs for glaucoma screening utilizing
retinal fundus images have not been proposed [156]. Researchers
should focus on relational and locational explanation using
saliency maps, heatmaps, or other invented methods to provide
plausible explanations of DL decisions.
Lastly, future research should incorporate the distributed ML
library GPipe proposed by Google [157] to mitigate hardware
limitations. This may help train large-sized models and enhance
performance without tuning hyperparameters [140].

Recommendations to Patients
Increasing the amount of data using a successful GANs
synthesizer significantly saves the privacy of patients [72]. Good
DLM offers timely treatment by providing wealthy information
regarding patients’ eye conditions [49]. In the near future, AI
can support telemedicine platforms by facilitating the
self-monitoring by patients through home-based diagnosis [56].
The availability of cheap, handy smartphones may also assist
as a remote diagnostic tool [105]. This eventually could improve
patient’s perception and satisfactions [53], as well as encourage
continuous follow-up and treatment [106].

New Direction of DL
Recently, DLMs have achieved positive retinal disease
identification and segmentation outcomes. These technologies
can revolutionize our way of life, and, probably in the next few
decades, the field of medicine will change rapidly [53].
However, these techniques involve expensive hardware (eg,
GPU requirements) and are greedy for images by nature. Thus,
more advanced data augmentation techniques must be introduced
to create heterogeneous samples while preserving the prognostic
features of fundus images. A possible approach in this regard
is to explore GANs [52,158]. Building systematic deep learning
models trained on heterogeneous and multimodal data with
fewer data-hungry algorithms can boost the effectiveness of AI
in clinical settings [105]. Additionally, AI algorithms should
be incorporated into electronic medical records to promote
outpatient management, which is another fascinating subject
[107].
From the viewpoints of accessibility, cost-effectiveness, and
health care protection, there is a tremendous need to promote
remote glaucoma monitoring in developed countries and rural
communities, allow patients with glaucoma to obtain their own
IOP data with anesthesia-free and reliable tonometers [113],
and enable home-based evaluation and disease control (eg,
rendering home tonometry accessible at a lower cost). Most
importantly, within the current situation of the COVID-19
pandemic, new directions for DLMs can be implemented via
teleretinal screening apps in ophthalmic settings to maintain
maximum protection for both physicians and patients at a lower
cost.
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Improving the quality of diagnosis in terms of class imbalance,
refining the training phases of GANs, and enhancing the
computation time to better diagnose glaucoma variants remain
obstacles [20,52,100]. Furthermore, it is necessary to note that
GANs have not been used to diagnose difficult retinal disease
to date, and GAN evaluation metrics are yet another challenging
path of study [68].
Finally, combining GANs with other approaches is another
prospective research approach; for example, the fusion of GANs
with reinforcement learning, function learning, or conventional
learning to create new AI applications and facilitate the
advancement of these methods is also worth investigating
[66,98].

Limitations of the Study
This most important limitation of our analysis is the number
and identification of the source databases; however, the selected
works form a reasonable and broadly representative selection
of the chosen sources. Furthermore, the exclusion of other retinal
diseases besides glaucoma, due to its severity worldwide, is
considered another limitation. In addition, a quick view of the
research activities on this critical retinal disease and GANs does
not necessarily reflect the research community’s response.

Conclusion
Providing adequate health services to people with retinal
disorders has been a global issue. Studies are still ongoing to
diagnose retinal disorders using deep learning; however, papers
adopting GANs for glaucoma detection are not as abundant as
those utilizing DL or ML methods. Consequently, insights into
this emerging area are needed. Six papers [18,19,26-29] have
worked on glaucoma classification–based GANs, and the
majority tended to use GANs for segmentation or synthesizing
retinal images.
The contribution of this study lies in analyzing and taxonomizing
literature works in the field of glaucoma detection using
GAN-based methods. To the best of our knowledge, all the
previous studies generally discussed AL or DL effects on retinal
diseases, and none particularly surveyed GANs for glaucoma
detection. This makes our work first to address this emerging
technique.
According to our taxonomy, the majority of the collected papers
paid more attention to single landmark segmentation (eg, BVs)
than to the segmentation of multiple landmarks. Some
techniques were of tremendous or little interest (eg, the DCGAN
and cGANs). Researchers worked in this field, identified their
difficulties, and suggested recommendations to overcome the
current and expected challenges. Other studies focused on
improving GAN architectures rather than adopting them for
diagnosis. To date, there has been no specific work adopting a
GAN as a smartphone app or in telemedicine. Therefore, filling
this gap is important for both patients and physicians to ensure
fewer physical meetings during the global COVID-19 pandemic.
Furthermore, new directions in this field have been explained.

J Med Internet Res 2021 | vol. 23 | iss. 9 | e27414 | p.163
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Saeed et al

Acknowledgments
A long-term research grant scheme (LRGS/1/2019/UKM-UKM/2/7) supports this work.

Conflicts of Interest
None declared.
Multimedia Appendix 1
Segmentation papers.
[XLSX File (Microsoft Excel File), 17 KB - jmir_v23i9e27414_app1.xlsx ]
Multimedia Appendix 2
Segmentation and classification papers.
[DOCX File , 20 KB - jmir_v23i9e27414_app2.docx ]
Multimedia Appendix 3
Classification papers.
[DOCX File , 21 KB - jmir_v23i9e27414_app3.docx ]
Multimedia Appendix 4
Synthesizing images papers.
[DOCX File , 23 KB - jmir_v23i9e27414_app4.docx ]
Multimedia Appendix 5
Synthesizing, segmentation, and classification paper.
[DOCX File , 20 KB - jmir_v23i9e27414_app5.docx ]
Multimedia Appendix 6
Synthesizing and classification of papers.
[DOCX File , 21 KB - jmir_v23i9e27414_app6.docx ]
Multimedia Appendix 7
Segmentation and synthesizing images papers.
[DOCX File , 20 KB - jmir_v23i9e27414_app7.docx ]
Multimedia Appendix 8
T-shaped matrix diagram.
[DOCX File , 135 KB - jmir_v23i9e27414_app8.docx ]

References
1.

2.
3.

4.
5.
6.
7.

Flaxman SR, Bourne RRA, Resnikoff S, Ackland P, Braithwaite T, Cicinelli MV, Vision Loss Expert Group of the Global
Burden of Disease Study. Global causes of blindness and distance vision impairment 1990-2020: a systematic review and
meta-analysis. Lancet Glob Health 2017 Dec;5(12):e1221-e1234 [FREE Full text] [doi: 10.1016/S2214-109X(17)30393-5]
[Medline: 29032195]
Pascolini D, Mariotti SP. Global estimates of visual impairment: 2010. Br J Ophthalmol 2012 May;96(5):614-618 [FREE
Full text] [doi: 10.1136/bjophthalmol-2011-300539] [Medline: 22133988]
de Carvalho Junior ASV, Carvalho ED, de Carvalho Filho AO, de Sousa AD, Corrêa Silva A, Gattass M. Automatic methods
for diagnosis of glaucoma using texture descriptors based on phylogenetic diversity. Computers & Electrical Engineering
2018 Oct;71:102-114 [FREE Full text] [doi: 10.1016/j.compeleceng.2018.07.028]
Wood K. Glaucoma: the silent thief of sight. The Lamp 1995 Sep;52(8):15 [FREE Full text] [Medline: 7500740]
Villain MA. [The epidemiology of glaucoma]. J Fr Ophtalmol 2005 Jun;28 Spec No 2:2S9-2S12 [FREE Full text] [Medline:
16208234]
Mitchell P, Cumming RG, Attebo K, Panchapakesan J. Prevalence of cataract in Australia: the Blue Mountains eye study.
Ophthalmology 1997 Apr;104(4):581-588 [FREE Full text] [doi: 10.1016/s0161-6420(97)30266-8] [Medline: 9111249]
Michelson G, Wärntges S, Hornegger J, Lausen B. The papilla as screening parameter for early diagnosis of glaucoma.
Dtsch Arztebl Int 2008 Aug;105(34-35):583-589 [FREE Full text] [doi: 10.3238/arztebl.2008.0583] [Medline: 19471619]

https://www.jmir.org/2021/9/e27414

XSL• FO
RenderX

J Med Internet Res 2021 | vol. 23 | iss. 9 | e27414 | p.164
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
8.

9.
10.

11.
12.
13.

14.

15.
16.

17.
18.

19.
20.

21.

22.

23.
24.

25.

26.
27.
28.

29.
30.

Costagliola C, dell'Omo R, Romano MR, Rinaldi M, Zeppa L, Parmeggiani F. Pharmacotherapy of intraocular pressure part II. Carbonic anhydrase inhibitors, prostaglandin analogues and prostamides. Expert Opin Pharmacother 2009
Dec;10(17):2859-2870 [FREE Full text] [doi: 10.1517/14656560903300129] [Medline: 19929706]
Quigley HA, Broman AT. The number of people with glaucoma worldwide in 2010 and 2020. Br J Ophthalmol 2006
Mar;90(3):262-267 [FREE Full text] [doi: 10.1136/bjo.2005.081224] [Medline: 16488940]
Tham Y, Li X, Wong TY, Quigley HA, Aung T, Cheng C. Global prevalence of glaucoma and projections of glaucoma
burden through 2040: a systematic review and meta-analysis. Ophthalmology 2014 Nov;121(11):2081-2090 [FREE Full
text] [doi: 10.1016/j.ophtha.2014.05.013] [Medline: 24974815]
Singh SM, Yahya AN, Mohamad CM, C.A M. Risk Factors for Cataract: A Case Study at National University of Malaysia
Hospital. Jurnal Sains Kesihatan Malaysia (Malaysian Journal of Health Sciences) 2012 Oct;4(1):85-98.
Kingman S. Glaucoma is second leading cause of blindness globally. Bull World Health Organ 2004 Nov;82(11):887-888
[FREE Full text] [Medline: 15640929]
Shen SY, Wong TY, Foster PJ, Loo J, Rosman M, Loon S, et al. The prevalence and types of glaucoma in malay people:
the Singapore Malay eye study. Invest Ophthalmol Vis Sci 2008 Sep;49(9):3846-3851 [FREE Full text] [doi:
10.1167/iovs.08-1759] [Medline: 18441307]
Vijaya L, George R, Paul PG, Baskaran M, Arvind H, Raju P, et al. Prevalence of open-angle glaucoma in a rural south
Indian population. Invest Ophthalmol Vis Sci 2005 Dec;46(12):4461-4467 [FREE Full text] [doi: 10.1167/iovs.04-1529]
[Medline: 16303934]
Nazri MZA, Kurniawan R, Sheikh-Abdullah SNH, Othman ZA, Abdullah S. Bayesian network and Dempster-Shafer theory
for early diagnosis of eye diseases. COMPUSOFT 2020 Apr 30;9(4):A.
Centre for Eye Research Australia. Tunnel Vision-The Economic Impact of Primary Open Angle Glaucoma. 2011 Jul 19.
URL: http://www.icoph.org/resources/249/Tunnel-Vision-The-Economic-Impact-of-Primary-Open-Angle-Glaucoma.html
[accessed 2020-06-25]
Garway-Heath DF, Hitchings RA. Quantitative evaluation of the optic nerve head in early glaucoma. Br J Ophthalmol 1998
Apr;82(4):352-361 [FREE Full text] [doi: 10.1136/bjo.82.4.352] [Medline: 9640180]
Thakur N, Juneja M. Survey of classification approaches for glaucoma diagnosis from retinal images. In: Advanced
Computing and Communication Technologies. Advances in Intelligent Systems and Computing, vol 562. Singapore:
Springer; Oct 25, 2017:91-99.
Guo J, Azzopardi G, Shi C, Jansonius NM, Petkov N. Automatic Determination of Vertical Cup-to-Disc Ratio in Retinal
Fundus Images for Glaucoma Screening. IEEE Access 2019;7:8527-8541. [doi: 10.1109/ACCESS.2018.2890544]
Barros DMS, Moura JCC, Freire CR, Taleb AC, Valentim RAM, Morais PSG. Machine learning applied to retinal image
processing for glaucoma detection: review and perspective. Biomed Eng Online 2020 Apr 15;19(1):20 [FREE Full text]
[doi: 10.1186/s12938-020-00767-2] [Medline: 32293466]
Jiang Y, Duan L, Cheng J, Gu Z, Xia H, Fu H, et al. JointRCNN: A Region-Based Convolutional Neural Network for Optic
Disc and Cup Segmentation. IEEE Trans Biomed Eng 2020 Feb;67(2):335-343. [doi: 10.1109/TBME.2019.2913211]
[Medline: 31021760]
Cheng J, Liu J, Xu Y, Yin F, Wong DWK, Tan N, et al. Superpixel classification based optic disc and optic cup segmentation
for glaucoma screening. IEEE Trans Med Imaging 2013 Jun;32(6):1019-1032. [doi: 10.1109/TMI.2013.2247770] [Medline:
23434609]
Abràmoff MD, Garvin MK, Sonka M. Retinal imaging and image analysis. IEEE Rev Biomed Eng 2010;3:169-208 [FREE
Full text] [doi: 10.1109/RBME.2010.2084567] [Medline: 22275207]
Akram MU, Tariq A, Khalid S, Javed MY, Abbas S, Yasin UU. Glaucoma detection using novel optic disc localization,
hybrid feature set and classification techniques. Australas Phys Eng Sci Med 2015 Dec;38(4):643-655. [doi:
10.1007/s13246-015-0377-y] [Medline: 26399880]
Wong DK, Liu J, Lim JH, Jia X, Yin F, Li H, et al. Level-set based automatic cup-to-disc ratio determination using retinal
fundus images in ARGALI. Annu Int Conf IEEE Eng Med Biol Soc 2008;2008:2266-2269. [doi:
10.1109/IEMBS.2008.4649648] [Medline: 19163151]
Khatami A, Khosravi A, Nguyen T, Lim CP, Nahavandi S. Medical image analysis using wavelet transform and deep belief
networks. Expert Systems with Applications 2017 Nov 15;86:190-198 [FREE Full text] [doi: 10.1016/j.eswa.2017.05.073]
Joshi GD, Sivaswamy J, Krishnadas SR. Optic disk and cup segmentation from monocular color retinal images for glaucoma
assessment. IEEE Trans Med Imaging 2011 Jun;30(6):1192-1205. [doi: 10.1109/TMI.2011.2106509] [Medline: 21536531]
Zheng Y, Stambolian D, O'Brien J, Gee JC. Optic disc and cup segmentation from color fundus photograph using graph
cut with priors. Med Image Comput Comput Assist Interv 2013;16(Pt 2):75-82 [FREE Full text] [doi:
10.1007/978-3-642-40763-5_10] [Medline: 24579126]
Roychowdhury S, Koozekanani DD, Parhi KK. Iterative Vessel Segmentation of Fundus Images. IEEE Trans Biomed Eng
2015 Jul;62(7):1738-1749. [doi: 10.1109/TBME.2015.2403295] [Medline: 25700436]
Câmara Neto L, Ramalho GL, Rocha Neto JF, Veras RM, Medeiros FN. An unsupervised coarse-to-fine algorithm for
blood vessel segmentation in fundus images. Expert Systems with Applications 2017 Jul 15;78:182-192 [FREE Full text]
[doi: 10.1016/j.eswa.2017.02.015]

https://www.jmir.org/2021/9/e27414

XSL• FO
RenderX

Saeed et al

J Med Internet Res 2021 | vol. 23 | iss. 9 | e27414 | p.165
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
31.

32.
33.
34.
35.
36.

37.

38.

39.

40.
41.

42.

43.

44.
45.

46.

47.

48.

49.

50.

51.

Kurniawan R, Nazri MZA, Sheikh-Abdullah SNH, Hamzah JC, Yendra R, Oktaviana W. Automatic Rule Generator via
FP-Growth for Eye Diseases Diagnosis. International Journal on Advanced Science, Engineering and Information Technology
2019;9(3):960-966 doi = {10.18517/ijaseit.9.3.7025} [FREE Full text]
Huang H, Yu PS, Wang C. An Introduction to Image Synthesis with Generative Adversarial Nets. Computer Vision and
Pattern Recognition 2018 Nov 17:1-17 [FREE Full text]
Krizhevsky A, Sutskever I, Hinton GE. ImageNet classification with deep convolutional neural networks. Commun. ACM
2017 May 24;60(6):84-90 [FREE Full text] [doi: 10.1145/3065386]
Ren S, He K, Girshick R, Sun J. Faster R-CNN: Towards Real-Time Object Detection with Region Proposal Networks.
IEEE Trans Pattern Anal Mach Intell 2017 Jun;39(6):1137-1149. [doi: 10.1109/TPAMI.2016.2577031] [Medline: 27295650]
Russakovsky O, Deng J, Su H, Krause J, Satheesh S, Ma S, et al. ImageNet Large Scale Visual Recognition Challenge. Int
J Comput Vis 2015 Apr 11;115(3):211-252 [FREE Full text] [doi: 10.1007/s11263-015-0816-y]
Szegedy C, Liu W, Jia Y, Sermanet P, Reed S, Anguelov D, et al. Going deeper with convolutions. : IEEE; 2015 Oct 15
Presented at: 2015 IEEE Conference on Computer Vision and Pattern Recognition (CVPR); 2015; Boston, MA, USA p.
1-9 URL: https://ieeexplore.ieee.org/document/7298594 [doi: 10.1109/CVPR.2015.7298594]
Huang G, Liu Z, Maaten LVD, Weinberger KQ. Densely Connected Convolutional Networks. New York, NY: IEEE; 2017
Nov 9 Presented at: 2017 IEEE Conference on Computer Vision and Pattern Recognition (CVPR); 2017; Honolulu, HI p.
2261-2269 URL: https://ieeexplore.ieee.org/document/8099726 [doi: 10.1109/CVPR.2017.243]
Dasgupta A, Singh S. A fully convolutional neural network based structured prediction approach towards the retinal vessel
segmentation. New York, NY: IEEE; 2017 Jun 19 Presented at: 2017 IEEE 14th International Symposium on Biomedical
Imaging (ISBI 2017); 18-21 April 2017; Melbourne, VIC, Australia p. 248-251. [doi: 10.1109/isbi.2017.7950512]
Maninis KK, Pont-Tuset J, Arbeláez P, Van Gool L. Deep retinal image understanding. In: Ourselin S, Joskowicz L, Sabuncu
M, Unal G, Wells W, editors. Medical Image Computing and Computer-Assisted Intervention – MICCAI 2016. MICCAI
2016. Lecture Notes in Computer Science, vol 9901. Cham, Switzerland: Springer; Oct 02, 2016:140-148.
Xiuqin P, Zhang Q, Zhang H, Li S. A Fundus Retinal Vessels Segmentation Scheme Based on the Improved Deep Learning
U-Net Model. IEEE Access 2019 Aug 13;7:122634-122643 [FREE Full text] [doi: 10.1109/ACCESS.2019.2935138]
Ojala T, Pietikainen M, Maenpaa T. Multiresolution gray-scale and rotation invariant texture classification with local binary
patterns. IEEE Trans. Pattern Anal. Machine Intell 2002 Jul;24(7):971-987 [FREE Full text] [doi:
10.1109/TPAMI.2002.1017623]
Ma J, Wei M, Ma Z, Shi L, Zhu K. Retinal vessel segmentation based on Generative Adversarial network and Dilated
convolution. New York, NY: IEEE; 2019 Sep 23 Presented at: 2019 14th International Conference on Computer Science
Education (ICCSE); 19-21 August 2019; Toronto, ON, Canada p. 282-287. [doi: 10.1109/iccse.2019.8845491]
Lahiri A, Jain V, Mondal A, Biswas PK. Retinal vessel segmentation under extreme low annotation: a gan-based
semi-supervised approach. New York, NY: IEEE; 2020 Sep 30 Presented at: 2020 IEEE International Conference on Image
Processing (ICIP); 25-28 Oct. 2020; Abu Dhabi, UAE p. 418-422. [doi: 10.1109/icip40778.2020.9190882]
Goodfellow I, Pouget-Abadie J, Mirza M, Xu B, Warde-Farley D, Ozair S, et al. Generative adversarial networks. Commun.
ACM 2020 Oct 22;63(11):139-144 [FREE Full text] [doi: 10.1145/3422622]
Isola P, Zhu J, Zhou T, Efros AA. Image-to-image translation with conditional adversarial networks. New York, NY: IEEE;
2017 Nov 09 Presented at: 2017 IEEE Conference on Computer Vision and Pattern Recognition (CVPR); 21-26 July 2017;
Honolulu, HI p. 5967-5976 URL: https://ieeexplore.ieee.org/document/8100115 [doi: 10.1109/CVPR.2017.632]
Yu Z, Xiang Q, Meng J, Kou C, Ren Q, Lu Y. Retinal image synthesis from multiple-landmarks input with generative
adversarial networks. Biomed Eng Online 2019 May 21;18(1):62 [FREE Full text] [doi: 10.1186/s12938-019-0682-x]
[Medline: 31113438]
Zhu J, Park T, Isola P, Efros AA. Unpaired Image-to-Image Translation Using Cycle-Consistent Adversarial Networks.
New York, NY: IEEE; 2017 Dec 25 Presented at: 2017 IEEE International Conference on Computer Vision (ICCV); 22-29
October 2017; Venice, Italy p. 2242-2251. [doi: 10.1109/ICCV.2017.244]
Shrivastava A, Pfister T, Tuzel O, Susskind J, Wang W, Webb R. Learning from Simulated and Unsupervised Images
through Adversarial Training. New York, NY: IEEE; 2017 Nov 09 Presented at: 2017 IEEE Conference on Computer
Vision and Pattern Recognition (CVPR); 21-26 July 2017; Honolulu, HI p. 2242-2251. [doi: 10.1109/CVPR.2017.241]
Wu C, Zou Y, Yang Z. U-GAN: generative adversarial networks with U-Net for retinal vessel segmentation. New York,
NY: IEEE; 2019 Sep 23 Presented at: 2019 14th International Conference on Computer Science & Education (ICCSE);
19-21 Aug. 2019; Toronto, ON, Canada p. 642-646. [doi: 10.1109/ICCSE.2019.8845397]
Lahiri A, Ayush K, Biswas PK, Mitra P. Generative adversarial learning for reducing manual annotation in semantic
segmentation on large scale microscopy images: automated vessel segmentation in retinal fundus image as test case. New
York, NY: IEEE; 2017 Aug 24 Presented at: 2017 IEEE Conference on Computer Vision and Pattern Recognition Workshops
(CVPRW); 21-26 July 2017; Honolulu, HI p. 794-800. [doi: 10.1109/CVPRW.2017.110]
Haoqi G, Ogawara K. CGAN-based synthetic medical image augmentation between retinal fundus images and vessel
segmented images. New York, NY: IEEE; 2020 May 19 Presented at: 2020 5th International Conference on Control and
Robotics Engineering (ICCRE); 24-26 April 2020; Osaka, Japan p. 218-223. [doi: 10.1109/ICCRE49379.2020.9096438]

https://www.jmir.org/2021/9/e27414

XSL• FO
RenderX

Saeed et al

J Med Internet Res 2021 | vol. 23 | iss. 9 | e27414 | p.166
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
52.
53.

54.
55.
56.

57.
58.

59.

60.
61.
62.

63.

64.

65.

66.

67.
68.
69.

70.

71.

72.
73.

Asiri N, Hussain M, Al Adel F, Alzaidi N. Deep learning based computer-aided diagnosis systems for diabetic retinopathy:
A survey. Artif Intell Med 2019 Aug;99:101701. [doi: 10.1016/j.artmed.2019.07.009] [Medline: 31606116]
Ting DSW, Peng L, Varadarajan AV, Keane PA, Burlina PM, Chiang MF, et al. Deep learning in ophthalmology: The
technical and clinical considerations. Prog Retin Eye Res 2019 Sep;72:100759. [doi: 10.1016/j.preteyeres.2019.04.003]
[Medline: 31048019]
Balyen L, Peto T. Promising Artificial Intelligence-Machine Learning-Deep Learning Algorithms in Ophthalmology. Asia
Pac J Ophthalmol (Phila) 2019;8(3):264-272. [doi: 10.22608/APO.2018479] [Medline: 31149787]
Hogarty DT, Mackey DA, Hewitt AW. Current state and future prospects of artificial intelligence in ophthalmology: a
review. Clin Exp Ophthalmol 2019 Jan;47(1):128-139. [doi: 10.1111/ceo.13381] [Medline: 30155978]
Ting DSJ, Foo VH, Yang LWY, Sia JT, Ang M, Lin H, et al. Artificial intelligence for anterior segment diseases: Emerging
applications in ophthalmology. Br J Ophthalmol 2021 Feb;105(2):158-168. [doi: 10.1136/bjophthalmol-2019-315651]
[Medline: 32532762]
Liu Y, Fu D, Huang Z, Tong H. Optic disc segmentation in fundus images using adversarial training. IET Image Processing
2019 Feb 1;13(2):375-381 [FREE Full text] [doi: 10.1049/iet-ipr.2018.5922]
Diaz-Pinto A, Colomer A, Naranjo V, Morales S, Xu Y, Frangi AF. Retinal Image Synthesis for Glaucoma Assessment
Using DCGAN and VAE Models. Yin H., Camacho D., Novais P., Tallón-Ballesteros A. (eds) Intelligent Data Engineering
and Automated Learning – IDEAL 2018. IDEAL 2018. Lecture Notes in Computer Science 2018 Nov 09;11314:224-232
[FREE Full text] [doi: 10.1007/978-3-030-03493-1_24]
Radford A, Metz L, Chintala S. Unsupervised Representation Learning with Deep Convolutional Generative Adversarial
Networks. 4th International Conference on Learning Representations, ICLR 2016 - Conference Track Proceedings 2016
Jan 07:1-16 [FREE Full text]
Arjovsky M, Chintala S, Bottou L. Wasserstein Generative Adversarial Networks. 2017 Presented at: Proceedings of the
34th International Conference on Machine Learning; 6-11 August 2017; Sydney, Australia p. 214-223.
Gulrajani I, Ahmed F, Arjovsky M, Dumoulin V, Courville A. Improved training of wasserstein GANs. Adv Neural Inf
Process Syst Internet Neural information processing systems foundation 2017 Mar 31:5768-5778 [FREE Full text]
Mao X, Li Q, Xie H, Lau RY, Wang Z, Smolley SP. Least Squares Generative Adversarial Networks. New York, NY:
IEEE; 2017 Dec 25 Presented at: 2017 IEEE International Conference on Computer Vision (ICCV); 22-29 October 2017;
Venice, Italy p. 2813-2821. [doi: 10.1109/ICCV.2017.304]
Larsen ABL, Sønderby SK, Larochelle H, Winther O. Autoencoding beyond pixels using a learned similarity metric. 2016
Presented at: Proceedings of The 33rd International Conference on Machine Learning; 20-22 June 2016; New York, NY
p. 1558-1566.
Yas QM, Zaidan AA, Zaidan BB, Hashim M, Lim CK. A Systematic Review on Smartphone Skin Cancer Apps: Coherent
Taxonomy, Motivations, Open Challenges and Recommendations, and New Research Direction. J CIRCUIT SYST COMP
2018 Feb 06;27(05):1830003-1830040 [FREE Full text] [doi: 10.1142/s0218126618300039]
Zhang S, Zhai J, Luo D, Zhan Y, Chen J. Recent Advance On Generative Adversarial Networks. New York, NY: IEEE;
2018 Nov 12 Presented at: 2018 International Conference on Machine Learning and Cybernetics (ICMLC); 15-18 July
2018; Chengdu, China p. 69-74. [doi: 10.1109/ICMLC.2018.8526990]
Gonog L, Zhou Y. A review: generative adversarial networks. New York, NY: IEEE; 2019 Sep 16 Presented at: 2019 14th
IEEE Conference on Industrial Electronics and Applications (ICIEA); 19-21 June 2019; Xi'an, China p. 505-510. [doi:
10.1109/ICIEA.2019.8833686]
Liu J, Ke Y, Zhang Z, Lei Y, Li J, Zhang M, et al. Recent Advances of Image Steganography With Generative Adversarial
Networks. IEEE Access 2020;8:60575-60597 [FREE Full text] [doi: 10.1109/ACCESS.2020.2983175]
Cao Y, Jia L, Chen Y, Lin N, Yang C, Zhang B, et al. Recent Advances of Generative Adversarial Networks in Computer
Vision. IEEE Access 2019;7:14985-15006 [FREE Full text] [doi: 10.1109/ACCESS.2018.2886814]
Zhu K, Liu X, Yang H. A Survey of Generative Adversarial Networks. New York, NY: IEEE; 2019 Jan 24 Presented at:
2018 Chinese Automation Congress (CAC); 30 November to 2 December 2018; Xi'an, China p. 2768-2773. [doi:
10.1109/cac.2018.8623645]
Kumar S, Dhawan S. A Detailed Study on Generative Adversarial Networks. New York, NY: IEEE; 2020 Jul 10 Presented
at: 2020 5th International Conference on Communication and Electronics Systems (ICCES); 10-12 June 2020; Coimbatore,
Tamil Nadu, India p. 641-645. [doi: 10.1109/ICCES48766.2020.9137883]
Chen X, Duan Y, Houthooft R, Schulman J, Sutskever I, Abbeel P. InfoGAN: Interpretable Representation Learning by
Information Maximizing Generative Adversarial Nets. Advances in Neural Information Processing Systems 2016 Dec
5:2180-2188 [FREE Full text]
Sengupta S, Singh A, Leopold HA, Gulati T, Lakshminarayanan V. Ophthalmic diagnosis using deep learning with fundus
images - A critical review. Artif Intell Med 2020 Jan;102:101758. [doi: 10.1016/j.artmed.2019.101758] [Medline: 31980096]
Wang X, Xu M, Li L, Wang Z, Guan Z. Pathology-Aware Deep Network Visualization and Its Application in Glaucoma
Image Synthesis. Shen D. et al. (eds) Medical Image Computing and Computer Assisted Intervention – MICCAI 2019.
MICCAI 2019. Lecture Notes in Computer Science 2019 Oct 10;11764:423-431 [FREE Full text] [doi:
10.1007/978-3-030-32239-7_47]

https://www.jmir.org/2021/9/e27414

XSL• FO
RenderX

Saeed et al

J Med Internet Res 2021 | vol. 23 | iss. 9 | e27414 | p.167
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
74.
75.

76.

77.
78.

79.
80.

81.

82.
83.
84.

85.

86.
87.

88.
89.

90.

91.

92.
93.
94.
95.
96.

Liu S, Hong J, Lu X, Jia X, Lin Z, Zhou Y, et al. Joint optic disc and cup segmentation using semi-supervised conditional
GANs. Comput Biol Med 2019 Dec;115:103485. [doi: 10.1016/j.compbiomed.2019.103485] [Medline: 31630029]
Yu F, Dong H, Zhang M, Zhao J, Dong B, Li Q, et al. AF-SEG: An Annotation-Free Approach for Image Segmentation
by Self-Supervision and Generative Adversarial Network. New York, NY: IEEE; 2020 May 22 Presented at: 2020 IEEE
17th International Symposium on Biomedical Imaging (ISBI); 3-7 April 2020; Iowa City, IA p. 1503-1507. [doi:
10.1109/isbi45749.2020.9098535]
Yang J, Dong X, Hu Y, Peng Q, Tao G, Ou Y, et al. Fully Automatic Arteriovenous Segmentation in Retinal Images via
Topology-Aware Generative Adversarial Networks. Interdiscip Sci 2020 Sep;12(3):323-334. [doi:
10.1007/s12539-020-00385-5] [Medline: 32725575]
Wang J, Yan Y, Xu Y, Zhao W, Min H, Tan M, et al. Conditional Adversarial Transfer for Glaucoma Diagnosis. Annu Int
Conf IEEE Eng Med Biol Soc 2019 Jul;2019:2032-2035. [doi: 10.1109/EMBC.2019.8857308] [Medline: 31946300]
Tu W, Hu W, Liu X, He J. DRPAN: A novel Adversarial Network Approach for Retinal Vessel Segmentation. New York,
NY: IEEE; 2019 Sep 16 Presented at: 2019 14th IEEE Conference on Industrial Electronics and Applications (ICIEA);
19-21 June 2019; Xi'an, China p. 228-232. [doi: 10.1109/ICIEA.2019.8833908]
Kadambi S, Wang Z, Xing E. WGAN domain adaptation for the joint optic disc-and-cup segmentation in fundus images.
Int J Comput Assist Radiol Surg 2020 Jul;15(7):1205-1213. [doi: 10.1007/s11548-020-02144-9] [Medline: 32445127]
Son J, Park SJ, Jung K. Towards Accurate Segmentation of Retinal Vessels and the Optic Disc in Fundoscopic Images with
Generative Adversarial Networks. J Digit Imaging 2019 Jun;32(3):499-512 [FREE Full text] [doi:
10.1007/s10278-018-0126-3] [Medline: 30291477]
Bisneto TRV, de Carvalho Filho AO, Magalhães DMV. Generative adversarial network and texture features applied to
automatic glaucoma detection. Applied Soft Computing 2020 May;90:106165 [FREE Full text] [doi:
10.1016/j.asoc.2020.106165]
Zhao H, Qiu X, Lu W, Huang H, Jin X. High-quality retinal vessel segmentation using generative adversarial network with
a large receptive field. Int J Imaging Syst Technol 2020 Apr 09;30(3):828-842 [FREE Full text] [doi: 10.1002/ima.22428]
Lu S, Hu M, Li R, Xu Y. A Novel Adaptive Weighted Loss Design in Adversarial Learning for Retinal Nerve Fiber Layer
Defect Segmentation. IEEE Access 2020;8:132348-132359 [FREE Full text] [doi: 10.1109/ACCESS.2020.3009442]
Rammy SA, Abbas W, Hassan N, Raza A, Zhang W. CPGAN: Conditional patch‐based generative adversarial network
for retinal vesselsegmentation. IET image process 2020 Apr 10;14(6):1081-1090 [FREE Full text] [doi:
10.1049/iet-ipr.2019.1007]
Dong Y, Ren W, Zhang K. Deep supervision adversarial learning network for retinal vessel segmentation. 2020 Jan 23
Presented at: 2019 12th International Congress on Image and Signal Processing, BioMedical Engineering and Informatics
(CISP-BMEI); 19-21 October 2019; Suzhou, China p. 1-6. [doi: 10.1109/CISP-BMEI48845.2019.8965924]
Jiang Y, Tan N, Peng T. Optic Disc and Cup Segmentation Based on Deep Convolutional Generative Adversarial Networks.
IEEE Access 2019 May 17;7:64483-64493 [FREE Full text] [doi: 10.1109/ACCESS.2019.2917508]
Costa P, Galdran A, Meyer MI, Niemeijer M, Abramoff M, Mendonca AM, et al. End-to-End Adversarial Retinal Image
Synthesis. IEEE Trans Med Imaging 2018 Mar;37(3):781-791 [FREE Full text] [doi: 10.1109/TMI.2017.2759102] [Medline:
28981409]
Iqbal T, Ali H. Generative Adversarial Network for Medical Images (MI-GAN). J Med Syst 2018 Oct 12;42(11):231 [FREE
Full text] [doi: 10.1007/s10916-018-1072-9] [Medline: 30315368]
Wang S, Yu L, Yang X, Fu C, Heng P. Patch-Based Output Space Adversarial Learning for Joint Optic Disc and Cup
Segmentation. IEEE Trans Med Imaging 2019 Nov;38(11):2485-2495 [FREE Full text] [doi: 10.1109/TMI.2019.2899910]
[Medline: 30794170]
Diaz-Pinto A, Colomer A, Naranjo V, Morales S, Xu Y, Frangi AF. Retinal Image Synthesis and Semi-Supervised Learning
for Glaucoma Assessment. IEEE Trans Med Imaging 2019 Sep;38(9):2211-2218 [FREE Full text] [doi:
10.1109/TMI.2019.2903434] [Medline: 30843823]
He J, Jiang D. Fundus image segmentation based on improved generative adversarial network for retinal vessel analysis.
New York, NY: IEEE; 2020 Jul 09 Presented at: 2020 3rd International Conference on Artificial Intelligence and Big Data
(ICAIBD); 28-31 May 2020; Chengdu, China p. 231-236. [doi: 10.1109/icaibd49809.2020.9137459]
Biswas S, Rohdin J, Drahansky M. Synthetic Retinal Images from Unconditional GANs. Annu Int Conf IEEE Eng Med
Biol Soc 2019 Jul;2019:2736-2739 [FREE Full text] [doi: 10.1109/EMBC.2019.8857857] [Medline: 31946460]
Zhao H, Li H, Maurer-Stroh S, Cheng L. Synthesizing retinal and neuronal images with generative adversarial nets. Med
Image Anal 2018 Oct;49:14-26 [FREE Full text] [doi: 10.1016/j.media.2018.07.001] [Medline: 30007254]
Park K, Choi SH, Lee JY. M-GAN: Retinal Blood Vessel Segmentation by Balancing Losses Through Stacked Deep Fully
Convolutional Networks. IEEE Access 2020;8:146308-146322 [FREE Full text] [doi: 10.1109/ACCESS.2020.3015108]
Yi X, Walia E, Babyn P. Generative adversarial network in medical imaging: A review. Med Image Anal 2019 Dec;58:101552
[FREE Full text] [doi: 10.1016/j.media.2019.101552] [Medline: 31521965]
Wang K, Gou C, Duan Y, Lin Y, Zheng X, Wang F. Generative adversarial networks: introduction and outlook. IEEE/CAA
Journal of Automatica Sinica 2017;4(4):588-598 [FREE Full text] [doi: 10.1109/JAS.2017.7510583]

https://www.jmir.org/2021/9/e27414

XSL• FO
RenderX

Saeed et al

J Med Internet Res 2021 | vol. 23 | iss. 9 | e27414 | p.168
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
97.
98.

99.
100.

101.

102.

103.

104.
105.

106.
107.
108.

109.
110.
111.

112.

113.
114.

115.
116.

117.
118.
119.

Wu X, Xu K, Hall P. A survey of image synthesis and editing with generative adversarial networks. Tsinghua Science and
Technology 2017 Dec;22(6):660-674 [FREE Full text] [doi: 10.23919/TST.2017.8195348]
Fan Z, Hu J. Review and Prospect of Research on Generative Adversarial Networks. New York, NY: IEEE; 2019 Nov 21
Presented at: 2019 IEEE 11th International Conference on Communication Software and Networks (ICCSN); 12-15 June
2019; Chongqing, China p. 726-730. [doi: 10.1109/iccsn.2019.8905263]
Creswell A, White T, Dumoulin V, Arulkumaran K, Sengupta B, Bharath AA. Generative Adversarial Networks: An
Overview. IEEE Signal Processing Magazine 2018 Jan;35(1):53-65 [FREE Full text] [doi: 10.1109/MSP.2017.2765202]
Lucic M, Kurach K, Michalski M, Gelly S, Bousquet O. Are GANs Created Equal? A Large-Scale Study. New York, NY:
ACM; 2018 Oct 29 Presented at: NIPS'18: Proceedings of the 32nd International Conference on Neural Information
Processing Systems; December 3-8, 2018; Montréal, QC, Canada p. 698-707.
Kurach K, Lucic M, Zhai X, Michalski M, Gelly S. The GAN Landscape: Losses, Architectures, Regularization, and
Normalization. 2018 Sep 28 Presented at: ICLR 2019 Conference; May 6-9, 2019; New Orleans, LA p. 1-17 URL: https:/
/openreview.net/forum?id=rkGG6s0qKQ
Turhan CG, Bilge HS. Recent trends in deep generative models: a review. New York, NY: IEEE; 2018 Dec 10 Presented
at: 2018 3rd International Conference on Computer Science and Engineering (UBMK); 20-23 September 2018; Sarajevo,
Bosnia and Herzegovina p. 574-579. [doi: 10.1109/UBMK.2018.8566353]
Oussidi A, Elhassouny A. Deep generative models: survey. New York, NY: IEEE; 2018 May 07 Presented at: 2018
International Conference on Intelligent Systems and Computer Vision (ISCV); 2-4 April 2018; Fez, Morocco p. 1-8. [doi:
10.1109/ISACV.2018.8354080]
Grewal PS, Oloumi F, Rubin U, Tennant MTS. Deep learning in ophthalmology: a review. Can J Ophthalmol 2018
Aug;53(4):309-313 [FREE Full text] [doi: 10.1016/j.jcjo.2018.04.019] [Medline: 30119782]
Wu X, Liu L, Zhao L, Guo C, Li R, Wang T, et al. Application of artificial intelligence in anterior segment ophthalmic
diseases: diversity and standardization. Ann Transl Med 2020 Jun;8(11):714 [FREE Full text] [doi: 10.21037/atm-20-976]
[Medline: 32617334]
Tan NYQ, Friedman DS, Stalmans I, Ahmed IIK, Sng CCA. Glaucoma screening: where are we and where do we need to
go? Curr Opin Ophthalmol 2020 Mar;31(2):91-100. [doi: 10.1097/ICU.0000000000000649] [Medline: 31904596]
Mayro EL, Wang M, Elze T, Pasquale LR. The impact of artificial intelligence in the diagnosis and management of glaucoma.
Eye (Lond) 2020 Jan;34(1):1-11 [FREE Full text] [doi: 10.1038/s41433-019-0577-x] [Medline: 31541215]
Islam M, Poly TN, Yang HC, Atique S, Li YJ. Deep Learning for Accurate Diagnosis of Glaucomatous Optic Neuropathy
Using Digital Fundus Image: A Meta-Analysis. Stud Health Technol Inform 2020 Jun 16;270:153-157 [FREE Full text]
[doi: 10.3233/SHTI200141] [Medline: 32570365]
Mustapha M. Retinal Nerve Fiber Layer Thickness Post-Laser Treatment in Diabetic Retinopathy: Argon versus Pattern
Scanning Laser. Medicine & Health 2016;11(2):199-208 [FREE Full text] [doi: 10.17576/mh.2016.1102.09]
Varma R, Lee PP, Goldberg I, Kotak S. An assessment of the health and economic burdens of glaucoma. Am J Ophthalmol
2011 Oct;152(4):515-522 [FREE Full text] [doi: 10.1016/j.ajo.2011.06.004] [Medline: 21961848]
Shibata N, Tanito M, Mitsuhashi K, Fujino Y, Matsuura M, Murata H, et al. Development of a deep residual learning
algorithm to screen for glaucoma from fundus photography. Sci Rep 2018 Oct 02;8(1):14665 [FREE Full text] [doi:
10.1038/s41598-018-33013-w] [Medline: 30279554]
Ting DSW, Pasquale LR, Peng L, Campbell JP, Lee AY, Raman R, et al. Artificial intelligence and deep learning in
ophthalmology. Br J Ophthalmol 2019 Feb;103(2):167-175 [FREE Full text] [doi: 10.1136/bjophthalmol-2018-313173]
[Medline: 30361278]
Cvenkel B, Velkovska MA. Self-monitoring of intraocular pressure using Icare HOME tonometry in clinical practice. Clin
Ophthalmol 2019 May 10;13:841-847 [FREE Full text] [doi: 10.2147/OPTH.S198846] [Medline: 31190727]
Zapata MA, Royo-Fibla D, Font O, Vela JI, Marcantonio I, Moya-Sánchez EU, et al. Artificial Intelligence to Identify
Retinal Fundus Images, Quality Validation, Laterality Evaluation, Macular Degeneration, and Suspected Glaucoma. Clin
Ophthalmol 2020 Feb 13;14:419-429 [FREE Full text] [doi: 10.2147/OPTH.S235751] [Medline: 32103888]
Zhao R, Liao W, Zou B, Chen Z, Li S. Weakly-Supervised Simultaneous Evidence Identification and Segmentation for
Automated Glaucoma Diagnosis. AAAI 2019 Jul 17;33(1):809-816 [FREE Full text] [doi: 10.1609/aaai.v33i01.3301809]
Zhao R, Chen X, Liu X, Chen Z, Guo F, Li S. Direct Cup-to-Disc Ratio Estimation for Glaucoma Screening via
Semi-Supervised Learning. IEEE J Biomed Health Inform 2020 Apr;24(4):1104-1113. [doi: 10.1109/JBHI.2019.2934477]
[Medline: 31403451]
Chai Y, Liu H, Xu J. A new convolutional neural network model for peripapillary atrophy area segmentation from retinal
fundus images. Applied Soft Computing 2020 Jan;86:105890 [FREE Full text] [doi: 10.1016/j.asoc.2019.105890]
Chai Y, Liu H, Xu J. Glaucoma diagnosis based on both hidden features and domain knowledge through deep learning
models. Knowledge-Based Systems 2018 Dec 1;161:147-156 [FREE Full text] [doi: 10.1016/j.knosys.2018.07.043]
Li Z, He Y, Keel S, Meng W, Chang RT, He M. Efficacy of a Deep Learning System for Detecting Glaucomatous Optic
Neuropathy Based on Color Fundus Photographs. Ophthalmology 2018 Aug;125(8):1199-1206. [doi:
10.1016/j.ophtha.2018.01.023] [Medline: 29506863]

https://www.jmir.org/2021/9/e27414

XSL• FO
RenderX

Saeed et al

J Med Internet Res 2021 | vol. 23 | iss. 9 | e27414 | p.169
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Saeed et al

120. Yang HK, Kim YJ, Sung JY, Kim DH, Kim KG, Hwang J. Efficacy for Differentiating Nonglaucomatous Versus
Glaucomatous Optic Neuropathy Using Deep Learning Systems. Am J Ophthalmol 2020 Aug;216:140-146. [doi:
10.1016/j.ajo.2020.03.035] [Medline: 32247778]
121. Phene S, Dunn RC, Hammel N, Liu Y, Krause J, Kitade N, et al. Deep Learning and Glaucoma Specialists: The Relative
Importance of Optic Disc Features to Predict Glaucoma Referral in Fundus Photographs. Ophthalmology 2019
Dec;126(12):1627-1639 [FREE Full text] [doi: 10.1016/j.ophtha.2019.07.024] [Medline: 31561879]
122. Blumberg DM, De Moraes CG, Liebmann JM, Garg R, Chen C, Theventhiran A, et al. Technology and the Glaucoma
Suspect. Invest Ophthalmol Vis Sci 2016 Jul 01;57(9):OCT80-OCT85 [FREE Full text] [doi: 10.1167/iovs.15-18931]
[Medline: 27409509]
123. Bhatkalkar BJ, Reddy DR, Prabhu S, Bhandary SV. Improving the Performance of Convolutional Neural Network for the
Segmentation of Optic Disc in Fundus Images Using Attention Gates and Conditional Random Fields. IEEE Access 2020
Feb 07;8:29299-29310 [FREE Full text] [doi: 10.1109/ACCESS.2020.2972318]
124. Liu S, Graham SL, Schulz A, Kalloniatis M, Zangerl B, Cai W, et al. A Deep Learning-Based Algorithm Identifies
Glaucomatous Discs Using Monoscopic Fundus Photographs. Ophthalmol Glaucoma 2018;1(1):15-22. [doi:
10.1016/j.ogla.2018.04.002] [Medline: 32672627]
125. Christopher M, Belghith A, Bowd C, Proudfoot JA, Goldbaum MH, Weinreb RN, et al. Performance of Deep Learning
Architectures and Transfer Learning for Detecting Glaucomatous Optic Neuropathy in Fundus Photographs. Sci Rep 2018
Nov 12;8(1):16685 [FREE Full text] [doi: 10.1038/s41598-018-35044-9] [Medline: 30420630]
126. Gu Z, Cheng J, Fu H, Zhou K, Hao H, Zhao Y, et al. CE-Net: Context Encoder Network for 2D Medical Image Segmentation.
IEEE Trans Med Imaging 2019 Oct;38(10):2281-2292. [doi: 10.1109/TMI.2019.2903562] [Medline: 30843824]
127. Serener A, Serte S. Transfer Learning for Early and Advanced Glaucoma Detection with Convolutional Neural Networks.
New York, NY: IEEE; 2019 Nov 11 Presented at: 2019 Medical Technologies Congress (TIPTEKNO); 3-5 October 2019;
Izmir, Turkey p. 1-4. [doi: 10.1109/TIPTEKNO.2019.8894965]
128. Li F, Yan L, Wang Y, Shi J, Chen H, Zhang X, et al. Deep learning-based automated detection of glaucomatous optic
neuropathy on color fundus photographs. Graefes Arch Clin Exp Ophthalmol 2020 Apr;258(4):851-867. [doi:
10.1007/s00417-020-04609-8] [Medline: 31989285]
129. Fu H, Cheng J, Xu Y, Zhang C, Wong DWK, Liu J, et al. Disc-Aware Ensemble Network for Glaucoma Screening From
Fundus Image. IEEE Trans Med Imaging 2018 Nov;37(11):2493-2501. [doi: 10.1109/TMI.2018.2837012] [Medline:
29994764]
130. Mustapha M. Retinal Nerve Fibre Layer Thickness Changes after Pan-Retinal Photocoagulation in Diabetic Retinopathy.
JSA 2016 Jun 3;6(1):4-9 [FREE Full text] [doi: 10.17845/jsa.2016.0601.02]
131. Russakoff DB, Mannil SS, Oakley JD, Ran AR, Cheung CY, Dasari S, et al. A 3D Deep Learning System for Detecting
Referable Glaucoma Using Full OCT Macular Cube Scans. Transl Vis Sci Technol 2020 Feb 18;9(2):12 [FREE Full text]
[doi: 10.1167/tvst.9.2.12] [Medline: 32704418]
132. Orlando JI, Fu H, Barbosa Breda J, van Keer K, Bathula DR, Diaz-Pinto A, et al. REFUGE Challenge: A unified framework
for evaluating automated methods for glaucoma assessment from fundus photographs. Med Image Anal 2020 Jan;59:101570.
[doi: 10.1016/j.media.2019.101570] [Medline: 31630011]
133. Xiong L, Li H. An approach to locate optic disc in retinal images with pathological changes. Comput Med Imaging Graph
2016 Jan;47:40-50. [doi: 10.1016/j.compmedimag.2015.10.003] [Medline: 26650403]
134. Wang Z, Wang Z, Qu G, Li F, Yuan Y, Lam DSC, et al. Intelligent Glaucoma Diagnosis Via Active Learning And Adversarial
Data Augmentation. In: 2019 IEEE 16th International Symposium on Biomedical Imaging (ISBI 2019). New York, NY:
IEEE; 2019 Jul 11 Presented at: 2019 IEEE 16th International Symposium on Biomedical Imaging (ISBI 2019); 8-11 April
2019; Venice, Italy p. 1234-1237. [doi: 10.1109/ISBI.2019.8759178]
135. Tian C, Fang T, Fan Y, Wu W. Multi-path convolutional neural network in fundus segmentation of blood vessels.
Biocybernetics and Biomedical Engineering 2020 Apr;40(2):583-595 [FREE Full text] [doi: 10.1016/j.bbe.2020.01.011]
136. Liu H, Li L, Wormstone IM, Qiao C, Zhang C, Liu P, et al. Development and Validation of a Deep Learning System to
Detect Glaucomatous Optic Neuropathy Using Fundus Photographs. JAMA Ophthalmol 2019 Dec 01;137(12):1353-1360
[FREE Full text] [doi: 10.1001/jamaophthalmol.2019.3501] [Medline: 31513266]
137. Li L, Xu M, Liu H, Li Y, Wang X, Jiang L, et al. A Large-Scale Database and a CNN Model for Attention-Based Glaucoma
Detection. IEEE Trans Med Imaging 2020 Feb;39(2):413-424. [doi: 10.1109/TMI.2019.2927226] [Medline: 31283476]
138. Dengpan Y, Shunzhi J, Shiyu L, ChangRui L. Faster and transferable deep learning steganalysis on GPU. J Real-Time
Image Proc 2019 Apr 1;16(3):623-633 [FREE Full text] [doi: 10.1007/s11554-019-00870-1]
139. He K, Zhang X, Ren S, Sun J, editors. Deep Residual Learning for Image Recognition. New York, NY: IEEE; 2016 Dec
12 Presented at: 2016 IEEE Conference on Computer Vision and Pattern Recognition (CVPR); 27-30 June 2016; Las Vegas,
NV p. 770-778. [doi: 10.1109/cvpr.2016.90]
140. Khan A, Sohail A, Zahoora U, Qureshi AS. A survey of the recent architectures of deep convolutional neural networks.
Artif Intell Rev 2020 Apr 21;53(8):5455-5516 [FREE Full text] [doi: 10.1007/s10462-020-09825-6]
141. Dong C, Loy CC, He K, Tang X. Image Super-Resolution Using Deep Convolutional Networks. IEEE Trans Pattern Anal
Mach Intell 2016 Feb;38(2):295-307. [doi: 10.1109/TPAMI.2015.2439281] [Medline: 26761735]
https://www.jmir.org/2021/9/e27414

XSL• FO
RenderX

J Med Internet Res 2021 | vol. 23 | iss. 9 | e27414 | p.170
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Saeed et al

142. Ratliff LJ, Burden SA, Sastry SS. On the Characterization of Local Nash Equilibria in Continuous Games. IEEE Trans.
Automat. Contr 2016 Aug;61(8):2301-2307 [FREE Full text] [doi: 10.1109/TAC.2016.2583518]
143. Heusel M, Ramsauer H, Unterthiner T, Nessler B, Hochreiter S. GANs trained by a two time-scale update rule converge
to a local nash equilibrium. Red Hook, NY: Curran Associates Inc; 2017 Dec 04 Presented at: NIPS'17: Proceedings of the
31st International Conference on Neural Information Processing Systems; 4 December 2017; Long Beach, CA p. 6629-6640.
144. Ganin Y, Lempitsky V. Unsupervised Domain Adaptation by Backpropagation. 2015 Presented at: Proceedings of the 32nd
International Conference on Machine Learning; 07-09 Jul 2015; Lille, France p. 1180-1189.
145. Tzeng E, Hoffman J, Saenko K, Darrell T. Adversarial Discriminative Domain Adaptation. New York, NY: IEEE; 2017
Nov 09 Presented at: 2017 IEEE Conference on Computer Vision and Pattern Recognition (CVPR); 21-26 July 2017;
Honolulu, HI p. 2962-2971. [doi: 10.1109/CVPR.2017.316]
146. Mahayuddin ZR, Saifuddin Saif AFM. A Comprehensive Review Towards Segmentation and Detection of Cancer Cell
and Tumor for Dynamic 3D Reconstruction. APJITM 2020 Jun 15;09(01):28-39 [FREE Full text] [doi:
10.17576/apjitm-2020-0901-03]
147. Luc P, Couprie C, Chintala S, Verbeek J. Semantic segmentation using adversarial networks. 2016 Presented at: NIPS
2016: The Thirtieth Annual Conference on Neural Information Processing Systems; December 4-9, 2016; Barcelona, Spain
p. 1-9 URL: https://research.fb.com/wp-content/uploads/2016/11/luc16wat.pdf
148. Ting DSW, Cheung CY, Lim G, Tan GSW, Quang ND, Gan A, et al. Development and Validation of a Deep Learning
System for Diabetic Retinopathy and Related Eye Diseases Using Retinal Images From Multiethnic Populations With
Diabetes. JAMA 2017 Dec 12;318(22):2211-2223 [FREE Full text] [doi: 10.1001/jama.2017.18152] [Medline: 29234807]
149. Kahng M, Thorat N, Chau DHP, Viegas FB, Wattenberg M. GAN Lab: Understanding Complex Deep Generative Models
using Interactive Visual Experimentation. IEEE Trans Vis Comput Graph 2018 Aug 20;25(1):310-320 [FREE Full text]
[doi: 10.1109/TVCG.2018.2864500] [Medline: 30130198]
150. Taha BA, Al Mashhadany Y, Hafiz Mokhtar MH, Dzulkefly Bin Zan MS, Arsad N. An Analysis Review of Detection
Coronavirus Disease 2019 (COVID-19) Based on Biosensor Application. Sensors (Basel) 2020 Nov 26;20(23):6764 [FREE
Full text] [doi: 10.3390/s20236764] [Medline: 33256085]
151. Javanmardi M, Tasdizen T. Domain adaptation for biomedical image segmentation using adversarial training. New York,
NY: IEEE; 2018 May 24 Presented at: 2018 IEEE 15th International Symposium on Biomedical Imaging (ISBI 2018); 4-7
April 2018; Washington, DC p. 554-558. [doi: 10.1109/ISBI.2018.8363637]
152. Sajjadi MSM, Bachem O, Lucic M, Bousquet O, Gelly S. Assessing generative models via precision and recall. In: Advances
in Neural Information Processing Systems. Red Hook, NY: Curran Associates, Inc; 2018 May 31 Presented at: 32nd
Conference on Neural Information Processing Systems (NeurIPS 2018); 2018; Montréal, QC, Canada.
153. Arora S, Risteski A, Zhang Y. Do GANs learn the distribution? Some Theory and Empirics. In: ICLR 2018 Conference
Track 6th International Conference on Learning Representations. 2018 Feb 16 Presented at: ICLR 2018 Conference Track
6th International Conference on Learning Representations; April 30-May 3, 2018; Vancouver Convention Center, Vancouver,
BC, Canada URL: https://openreview.net/forum?id=BJehNfW0154. Madani A, Moradi M, Karargyris A, Syeda-mahmood T. Semi-supervised learning with generative adversarial networks
for chest X-ray classification with ability of data domain adaptation. New York, NY: IEEE; 2018 May 24 Presented at:
2018 IEEE 15th International Symposium on Biomedical Imaging (ISBI 2018); 4-7 April 2018; Washington, DC p.
1038-1042. [doi: 10.1109/ISBI.2018.8363749]
155. Misra D. Mish: A Self Regularized Non-Monotonic Neural Activation Function. 2020 Presented at: BMVC 2020 : British
Machine Vision Conference; September 7-11, 2020; Manchester, UK p. 1-14.
156. Chang J, Lee J, Ha A, Han YS, Bak E, Choi S, et al. Explaining the Rationale of Deep Learning Glaucoma Decisions with
Adversarial Examples. Ophthalmology 2021 Jan;128(1):78-88. [doi: 10.1016/j.ophtha.2020.06.036] [Medline: 32598951]
157. Huang Y, Cheng Y, Bapna A, Firat O, Chen MX, Chen D, et al. GPipe: Efficient Training of Giant Neural Networks using
Pipeline Parallelism. 2019 Presented at: Advances in Neural Information Processing Systems 32 (NeurIPS 2019); December
8-14, 2019; Vancouver, BC, Canada p. 103-112. [doi: 10.1109/emc2-nips53020.2019.00008]
158. Neff T, Payer C, Stern D, Urschler M. Generative Adversarial Network based Synthesis for Supervised Medical Image
Segmentation. Graz, Austria: Verlag der Technischen Universität Graz; 2017 May Presented at: Proceedings of the
OAGM&ARW Joint Workshop 2017: Vision, Automation and Robotics; May 10-12, 2017; OAGM/AAPR ARW 2017,
Wien, Austria p. 140-145. [doi: 10.3217/978-3-85125-524-9-30]

Abbreviations
BV: blood vessel
CDR: cup-to-disc ratio rule
cGANs: conditional generative adversarial networks
CNN: convolutional neural network
DCGAN: deep convolutional generative adversarial network
DLM: deep learning method
https://www.jmir.org/2021/9/e27414

XSL• FO
RenderX

J Med Internet Res 2021 | vol. 23 | iss. 9 | e27414 | p.171
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Saeed et al

DRIVE data set: digital retinal image for vessels extraction
GANs: generative adversarial networks
ISNT: inferior, superior, nasal, and temporal rule
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Abstract
Background: Web-based content is rapidly becoming the primary source of health care information. There is a pressing need
for web-based health care content to not only be accurate but also be engaging. Improved engagement of people with web-based
health care content has the potential to inform as well as influence behavioral change to enable people to make better health care
choices. The factors associated with better engagement with web-based health care content have previously not been considered.
Objective: The aims of this study are to identify the factors that affect engagement with web-based health care content and
develop a framework to be considered when creating such content.
Methods: A comprehensive search of the PubMed and MEDLINE database was performed from January 1, 1946, to January
5, 2020. The reference lists of all included studies were also searched. The Medical Subject Headings database was used to derive
the following keywords: “patient information,” “online,” “internet,” “web,” and “content.” All studies in English pertaining to
the factors affecting engagement in web-based health care patient information were included. No restrictions were set on the
study type. Analysis of the themes arising from the results was performed using inductive content analysis.
Results: The search yielded 814 articles, of which 56 (6.9%) met our inclusion criteria. The studies ranged from observational
and noncontrolled studies to quasi-experimental studies. Overall, there was significant heterogeneity in the types of interventions
and outcome assessments, which made quantitative assessment difficult. Consensus among all authors of this study resulted in
six categories that formed the basis of a framework to assess the factors affecting engagement in web-based health care content:
easy to understand, support, adaptability, accessibility, visuals and content, and credibility and completeness.
Conclusions: There is a paucity of high-quality data relating to the factors that improve the quality of engagement with web-based
health care content. Our framework summarizes the reported studies, which may be useful to health care content creators. An
evaluation of the utility of web-based content to engage users is of significant importance and may be accessible through tools
such as the Net Promoter score. Web 3.0 technology and development of the field of psychographics for health care offer further
potential for development. Future work may also involve improvement of the framework through a co-design process.
(J Med Internet Res 2021;23(9):e19896) doi:10.2196/19896
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patient education; web-based health information; internet; patient engagement; mobile phone
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Introduction
Background
In the United Kingdom, up to two-third use the internet to obtain
health-related information at some point in their journey [1,2].
The internet has become an important source of education for
patients, who are increasingly expected to, and are motivated
to, play an active role in making decisions related to their health
[3]. Patient education is defined as “the process by which health
professionals and others impart information to patients that will
alter their health behaviours or improve their health status” [4].
This may include information that is factual or related to patient
experience, depending on the issue being addressed [5,6].
Reports suggest that 70% of the patients would like their
physicians to recommend a source of web-based information
relating to their medical condition, but only 4% of the patients
receive such a recommendation [7].
Web-based patient health care information has several potential
benefits, including convenient 24-hour access potentially
wherever you are, ability to enhance knowledge acquisition
[8,9], reduce anxiety [9], and improve the quality of
conversations during health-related encounters. However, the
effect of web-based content on patient empowerment,
self-efficacy, and health attitudes has been found to be variable
[9]. This may be due to the absence of an evidence-based
framework outlining the factors that should be considered for
improving engagement with web-based health care information.

Oktay et al
“patient information,” “online,” “internet,” “web,” and
“content.” All studies pertaining to the factors affecting
engagement in web-based health care patient information were
included. No restrictions were set on the study type. Only studies
in English were included. Analysis of themes arising from the
results was performed using inductive content analysis. All
retrieved abstracts and titles were reviewed by 2 independent
investigators (EA and LAO) for relevance pertaining to
engagement with web-based health care content. Disagreements
between the reviewers were solved by consensus. Manual
cross-checking of the reference lists of the identified papers was
carried out to identify any other potentially relevant studies.
Analysis of themes arising from the results was performed using
inductive content analysis [10]. This involved the reviewing of
titles and abstracts by an author (UJ), with free generation of
the categories relating to factors associated with high-quality
and engaging web-based content. The categories were named
using content characteristic words, and these were expanded
into subcategories. The number of times a category was reported
in the articles was totaled, and a list of categories was created
in order of the frequency of mentions. All authors reviewed this
list to decide which categories would be included in the final
list.

Eligibility Criteria
As this is the first narrative review of its kind, no limitation was
placed on study type or on surrogate measures of the outcome
described.

Objectives

Outcomes

In this narrative review, we aim to identify and evaluate the
factors that should be considered when producing engaging and
high-quality web-based health care patient information. We also
aim to incorporate these findings into a framework that may be
useful as a guide to developing web-based health care
information.

All studies relevant to quality of engagement in web-based
health care content were included.

Methods
Overview
A comprehensive search of the PubMed and MEDLINE
database was performed from January 1, 1946, to January 5,
2020. The Medical Subject Headings database was used to
derive keywords and search term combinations, which included
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Results
Overview
A total of 814 articles were identified, and of these, 108 (13.3%)
were selected for full-text review based on their title and
abstract. Full-text screening of the 108 articles resulted in the
final selection of 56 (51.9%) articles, from which seven
categories were derived. Figure 1 shows the Preferred Reporting
Items for Systematic Reviews and Meta-Analyses flowchart
which depicts the stages of article selection.
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Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flowchart showing article selection.

Description of Studies
Development of Categories
The studies were mostly observational and qualitative. A total
of 3 randomized controlled trials and 5 systematic reviews were
also identified. Categories relating to factors associated with
high-quality and engaging web-based content were developed
according to themes that were found to arise in the studies
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identified. The categories settled upon were as follows (with
the number of papers reporting included in parentheses): (1)
textual information (16 papers); (2) discussion boards or
web-based groups (3 papers); (3) video content (11 papers); (4)
visuals or pictographs (1 paper); (5) device accessibility (12
papers); (6) stage of patient journey (8 papers); and (7)
credibility and completeness of information (4 papers; Table
1).
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Table 1. Studies pertaining to engagement with web-based content. Studies are according to mode of engagement (N=56).
Study

Study type

Content

Outcomes pertaining to quality of Main results
web-based health care patient
content

Observational
study

Government-hosted •
website, textual, and
visual aids for prenatal health promotion •

Comprehensiveness, evi•
dence-based information, accessibility, and inclusivity.
Minimum of three referenced
prenatal health topics necessary to be classed as evidence-based.
•

Assessment of prenatal health promotion
material revealed that 66.4% of the federal,
84.6% of the provincial or territorial, and
80% of the public health regional
unit–hosted websites, and 87.5% of the eclasses were evidence based. Only 25% of
the municipal websites met this standard.
No P values stated.

Ernst et al (2019) Observational
[12]
study

Disorders of sex de- •
velopment, affiliated
health care system’s
web-based information

The SMOGa Readability
•
Formula determined reading
level, the PEMATb evaluated
content for understandability
and actionability, and the
DISCERN Tool assessed
treatment decision-making
information.

Reading level of webpages as determined
with the SMOG Readability Formula met
or exceeded high school grade level. The
mean PEMAT understandability score for
team pages and team links was 68% (SD
6%). On average, the pages met less than
70% of the understandability criteria. The
mean PEMAT actionability score was 23%
(SD 20%). The DISCERN Tool found that
the quality of information relating to hormone treatment and to surgery was poor.
No P values stated.

Textual information
Chedid et al
(2018) [11]

•
Hjelmager et al
(2019) [13]

Qualitative
study

Web-based informa- •
tion material for patients with low back
pain in general practice discussed in the
context of app development

Barriers to and facilitators for •
future use of the health information technology app for
patients with low back pain.

The DISCERN model was
used to evaluate the quality
of the information content.

•

The mean DISCERN score across all websites was 3.21 out of a 5-point scale. No
significant difference was found between
patient-searched and physician-recommended websites, with a mean score of 3.21
versus 3.63, respectively (P=.16).

Content and readability of
team websites.

•

The mean reading level 10.7 (SD 1.9) exceeded the American Medical Associationrecommended sixth grade reading level.
Children’s Hospital–affiliated teams (n=86)
yielded significantly higher content scores
(14.8 vs 13.5; P=.03).
Children’s Hospital teams also had better
readability as indicated by lower reading
grade level (10.5 vs 11.4; P=.04).

Rofaiel et al
(2018) [14]

Observational
study

Websites that de•
scribe the biologic
agents used as treatment options for inflammatory bowel
disease

Alfonso et al
(2019) [15]

Observational
study

American Cleft
Palate–Craniofacial
Association–approved teams’ websites

•

•

•
•

Ayyaswami et al
(2019) [16]

Observational
study
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Web-based cardio•
vascular disease–related health education articles accessed
through Google

Readability according to 10 •
readability measures (Flesch
Reading Ease, Coleman-Liau
Index, Flesch-Kincaid Grade
Level, Gunning Fog Index,
•
FORCAST Readability Formula, New Dale-Chall formu- •
la, New Fog Count, SMOG
Index, Fry Readability Formula, and Raygor Readability
Estimate).

Eight 1-hour interviews with general practitioners revealed the following: content for
lower back pain should be validated by
general practitioners; from a trustworthy
source; support ongoing treatment plan.
No P values stated.

All measures that assessed mean reading
grade level found that 196 articles were
written at a mean 10.9 (SD 1.8) grade
reading level.
99.5% of the articles were written beyond
the fifth to sixth grade reading level.
No P values stated.
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Study type

Content

Outcomes pertaining to quality of Main results
web-based health care patient
content

Systematic review

Web-based depre•
scribing patient education materials
•

PEMAT and International
Patient Decision Aids Standards Inventory.
Readability using Gunning
Fog Index and Flesch-Kincaid Grade Level.

•
•
•
•

Vivekanantham
et al (2017) [18]

Harris et al
(2018) [19]

Observational
study

Cross-sectional
descriptive

Web-based health
information for patients with
polymyalgia
rheumatica

Evaluation of leading web-based content on tympanostomy tube placement

•
•

•

Readability using the Flesch
Reading Ease and SMOG
Readability Formula tools.
8-item Credibility Indicator
(incorporating authorship, affiliation, editorial team, date
of creation, date of update,
backing, accreditation, and
financing).

•

PEMAT understandability
and actionability scores

•

•
•
•

•
•

Maciolek et al
(2017) [20]

Observational
study

Siddhanamatha et Observational
al (2017) [21]
study

Chin et al (2018) Observational
[23]
study

XSL• FO
RenderX

The PEMAT scores found that all sites
(n=10) were understandable (mean 81.9%).
Seven of the sites had a low actionability
score (mean 44.6%).
No P values stated.

Readability was assessed us- •
ing Flesch-Kincaid Grade
Level. Understandability and •
actionability were measured
using the PEMAT.

Of the 148 sites, 31 (20.9%) met the recommended below eighth grade reading level.
The PEMAT understandability score for
academic institution–sourced patient education materials was higher than that for patient education materials sourced from the
private sector (P=.02) and from institutions
unaffiliated with urologists (P=.01).

•

Accuracy, completeness,
•
technical elements, design
and aesthetics, readability,
usability, and accessibility of •
the websites

Of 46 websites in total, 45 (98%) provided
accurate information. The mean reading
level was grade 12.1 (SD 2.3).
In total, 78% (36/46) were easy to navigate,
but only 33% (15/46) were user friendly
for people with visual and or hearing impairments.
No P values stated.

Websites providing
educational content
for patients with
rheumatoid arthritis

An evaluation of
•
health literacy in the
United States; formulate solution to overcome associated obstacles
Improve patient understanding of webbased content pertaining to adults
with hypertension.

•

Current level of readability
of web-based content

•
•

Information retention and
comprehension

•

•

https://www.jmir.org/2021/9/e19896

Of the websites identified (n=52), the mean
Flesch Reading Ease and SMOG Readability Formula scores were 48 (SD 15) and 10
(SD 2), respectively.
The mean Credibility Indicator was 2 (SD
1).
Of 52 websites, 50 (96%) of the websites
were accurate.
No P values stated.

Prostate biopsy web- •
based patient education materials

•
Nielsen-Bohlman Observational
et al (2004) [22] study

Patient education materials addressing deprescribing of medications for symptom
control (81%) were most common.
37% of deprescribing patient education
materials present potential benefits and
harms of deprescribing.
Most patient education materials are
pitched above average reading levels (average minimum reading level of grade 12).
No P values stated.

More than 300 studies indicate that healthrelated materials exceed the average reading grade level of US adults.
No P values stated.

The revised passages yielded improved retention and comprehension, with less reading time required per unit uptake of information also noted. The methods included
simplifying language and signaling clear
organization.
On average, the participants were found to
significantly better remember the revised
passages (mean 0.74, SD 0.14) compared
with the typical passages (mean 0.70, SD
0.11; P<.01).
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Study type

Content

Boudewyns et al
(2015) [24]

Randomized
controlled trial

Web-based informa- •
tion handouts

Information comprehension
and application

•

Individuals who received the revised and
improved web-based formats had higher
comprehension scores than those who received the MedGuide (P<.001).

Morrow et al
(2005) [25]

Observational
study

Patient-centered
medication instructions to empower
patients to plan a
medication-taking
regimen

•

Information comprehension
and retention, health-related
literacy, and verbal working
memory

•

Patient-centered instructions were more
accurately understood for unfamiliar medications (P<.05).
The standard instructions were more accurate for familiar medications (P<.05).

Revision of patient
information leaflets

•

Pander Maat et al Observational
(2010) [26]
study

Outcomes pertaining to quality of Main results
web-based health care patient
content

•

Usability, speed of informa- •
tion retrieval, and comprehension.
•
•

Once located, comprehension of the information was approximately 90%.
Revisions led to better performance. Information was found more quickly. Comprehension scores were also improved.
No P values stated.

Discussion boards or web-based groups
Cedars et al
(2019) [27]

Qualitative and
thematic analysis

Web-based discus•
sion boards for urethral stricture disease and urethroplasty
•

To describe the patient expe- •
rience and chief concerns
with urethroplasty to improve
physician understanding and
patient education
To understand how men use •
web-based discussion boards
and what information is
available about urethroplasty
•

Problems in navigating the health care
system with urethral stricture disease
(n=141) and weak urine stream (n=70) were
the most frequent preurethroplasty complaints.
The patients participated in web-based discussions to share experiences with urethral
stricture disease and urethroplasty, share
emotional support, and search for answers.
No P values stated.

Teaford et al
(2019) [28]

Descriptive
statistics and
qualitative content analysis

New mothers’ expe- •
riences with webbased postpartum
forums

To explore women’s experiences with a web-based forum during the postpartum
period

•

Five themes were produced through data
analysis: (1) social support, (2) anonymity,
(3) in-groups, (4) drama, and (5) entertainment or pastime.
The participants found that the discussion
board could facilitate sharing of information, act as an entertainment source, and
provide community.
No P values stated.

•

•
Castaneda et al
(2019) [29]

Qualitative
study

eHealth peripheral
artery disease community forums

Original posts and related respons- •
es were analyzed for thematic
content.

•

The themes identified included medical
advice (41%), personal experiences with
peripheral artery disease (33%), and social
support (13%). Negative attitudes were
discussed in 10 of the 18 (56%) posts related to poor experiences with health care
providers; 15.1% of the medical advice was
inconsistent with clinical treatment guidelines.
No P values stated.

Video
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Study type

Content

Outcomes pertaining to quality of Main results
web-based health care patient
content

Observational
study

YouTube videos in
English as a patient
education resource
for cataract surgery

•

14 criteria important for edu- •
cating patients about the procedure.
•
•

Pedersen et al
(2019) [31]

Feasibility
study

Development of a
•
preventive educational video for patients
exposed to whiplash
trauma

The development followed a •
systematic approach and was
theory driven, supplemented
with available empirical
•
knowledge.
•

The participants (n=4) felt that the content
was “relevant, helpful, and reassuring to
watch.”
All four preferred video content instead of
written material.
No P values stated.

Finnegan et al
(2018) [32]

Case study

A web-based vac•
cine communication
project (textual,
videos, and infographics)

Case study of a provaccine
information hub launched in
2011. Vaccines Today provides high-quality information about vaccines and diseases, expert interviews, answers to frequently asked
questions, parent or patient
stories, and videos or infographics.

•

Two categories of informing patients were
found to work well: (1) the storytelling approach and (2) answering questions posed
by patients.
No P values stated.

Button et al
(2018) [33]

Mixed methods
study (qualitative and feasibility study)

A web-based inter-

•

vention (TRAKc)
that provides knee
patients with health
information

•

Testing the TRAK interven- •
tion in patients undergoing
physiotherapy to gain their
subjective insights into its use •
•

Vogel et al
(2018) [34]

User survey

VaPEd in anesthesia •
•

The content of the videos, the •
technique of video presentation, usefulness of VaPE
•
Interviews carried out with
patients and physicians
•
•
•

Pithadia et al
(2019) [35]

Cross-sectional
study

YouTube videos as
a source of patient
information about
phototherapy and
excimer laser for
psoriasis

•

Assess the educational quali- •
ty of YouTube videos about
phototherapy and excimer
laser for psoriasis
•

•
•
Ferhatoglu et al
(2019) [36]

RenderX

The participants reported that TRAK was
easy to use overall. Basic internet skills
were all that were required.
Using TRAK as an adjunct to physiotherapist management increased the patients’
understanding and confidence.
No P values stated.
In total, 98% (78/80) of the anesthetists
found VaPE useful for patient education.
In total, 93% (74/80) observed time saved
for the following interview.
In total, 96% (77/80) stated that watching
the video left patients better informed.
Increased anxiety caused by VaPE was
noted by 46% (37/80); 54% (43/80) found
no such effect.
No P values stated.
In total, 11.2% (15/135) of the videos contained high-quality patient educational information, 2.5% (3/135) were fair quality,
and 66.1% (89/135) were low quality.
A total of 28.2% (35/135) of videos provided background information regarding psoriasis. Of these 35 videos, 28 (80%) contained evidence-based content about the
epidemiology, systemic involvement, genetics, and immune nature of psoriasis.
Of the 35 videos, 7 (20%) presented
nonevidence-based claims and high mortality rates associated with psoriasis.
No P values stated.

Observational
study

https://www.jmir.org/2021/9/e19896

XSL• FO

The mean number of usefulness criteria
satisfied was only 2.28 (SD 1.80) out of 14.
There was no significant difference in view
counts between the most useful videos and
other videos (P=.94).
Videos from medical bodies such as the
National Health Service were found more
useful in terms of patient education
(P<.001).
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Sleeve gastrectomy
videos shared on
YouTube

•
•

The popularity of the videos •
was evaluated with the Video
Power Index.
The educational quality of the
videos was measured using
the DISCERN score, JAMAe •
benchmark criteria, and
GQSf. The technical quality
was measured by the SGSSg.
•

Erdem et al
(2018) [37]

Observational
study

Biggs et al (2013) Observational
[38]
study

The DISCERN, JAMA benchmark criteria,
GQS, and SGSS evaluations of academicsourced videos yielded significantly higher
scores than patient-sourced videos (P<.001,
P<.001, P=.001, and P<.001, respectively).
However, the Video Power Index evaluation of patient-sourced videos yielded significantly higher scores than academic- and
physician-sourced videos (P<.001 and
P=.003, respectively).
Negative correlations between the Video
Power Index and the JAMA, GQS, and
SGSS scores were found.

•

Usefulness of bariatric
•
surgery videos on YouTube:
A usefulness score (very useful, useful, or not useful)
•

Of the 175 videos, 94 (53.7%) were useful,
and 43 (24.6%) were very useful. No videos
were found containing misleading information.
A Spearman rank correlation found no significant correlation between the usefulness
score and the number of views (ρ=−0.118;
P=.12), number of likes (ρ=−0.038; P=.61),
number of dislikes (ρ=−0.003; P=.97) or
video length (ρ=−0.106; P=.16).

YouTube as a source •
of information on
rhinosinusitis

Videos (n=100) were graded •
on their ability to inform the
layperson about rhinosinusitis.

•

45% of the videos were deemed to provide
some useful information. 55% of the videos
contained little or no useful facts, 27% of
which contained potentially misleading or
even dangerous information. Videos uploaded by medical professionals or those from
health information websites contained more
useful information than those uploaded by
independent users.
No P values stated.

Bariatric surgery
videos (n=175) on
YouTube

Kwok et al
(2017) [39]

Observational
study

Videos available on
YouTube pertaining
to interventional
treatment for varicose veins

•

Informational and scientific •
quality (good, fair, and poor)
and stance (for, neutral,
against, and unclear) toward
the treatment option discussed, treatment type, and
video source.
•

The largest group of videos (47.3%) received a quality rating of fair, meaning that
they discussed one or two aspects of a
treatment option, such as procedural technique and indications. Among those videos
rated poor (25%), nearly all (98.2%) failed
to mention a specific treatment.
No P values stated.

Bademci et al
(2017) [40]

Observational
study

YouTube videos on
deep venous thrombosis

•

Scientific content, accuracy,
and currency

•

Although most of the videos uploaded
(25/111, 22.9%) were created by physicians, the number of views for websitebased videos was significantly higher
(P=.002). When the uploaded videos were
assessed in terms of their usefulness, the
videos from physicians and hospitals were
statistically more useful than the other
videos (P<.001).

Visuals or pictographs

https://www.jmir.org/2021/9/e19896
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Pilot study

Doodle Health: A
•
crowdsourcing webbased game for the
co-design and testing of pictographs to
reduce disparities in
health care communication

To test the usability of the
•
game and its appeal to health
care consumers in the co-design and evaluation of pictographs.
•

Initial testing indicates that crowdsourcing
is a promising approach to pictograph development and testing for relevancy and
comprehension. More than 596 drawings
were collected, and 1758 guesses were
performed to date with 70%-90% accuracy.
No P values stated.

Device on which content is accessed
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Literature review and qualitative focus
group study

Development of an
internet-based
chronic pain selfmanagement program

•

Information needs and gaps •
in chronic pain management
as well as technology features
to inform the development of
an internet-based self-manage- •
ment program
•

Lüchtenberg et al Observational
(2008) [43]
study

Websites containing •
medical information
addressing laymen
or patients (n=139)

Accessibility using a quantita- •
tive checklist based upon the
Web Content Accessibility
Guidelines of the World
•
Wide Web Consortium
•
•

•
Patient educational
interventions using
mobile apps

•

The reporting quality of the •
studies was assessed according to the mHealthi evidence
and predefined reporting as- •
sessment criteria.

Of the 15 studies, none reported on the data
security, privacy, and confidentiality measures.
No P values stated.

Noel et al (2017) Prospective co[45]
hort study

A mobile medical
•
app was developed
to improve postoperative care of patients
who had undergone
plastic surgery

The content, design, and effi- •
cacy of the app were assessed
with a questionnaire (n=60).

The participants reported that the questions
regarding postoperative management were
addressed effectively, with a mean score
of 4.1/5.
Most of the participants recommended the
app to patients who had undergone plastic
surgery, with a mean score of 4.6/5.
The app’s information prevented 12 patients from calling the plastic surgeon or
the emergency department unnecessarily.
No P values stated.

•

•
Nicholas et al
(2015) [46]

Systematic review

Mobile apps for
bipolar disorder

•

•

•

Jamison et al
(2017) [47]

Randomized
controlled trial

To test an app that
•
enables patients with
chronic pain to assess, monitor, and
communicate their
status to their health
care provider.

The comprehensiveness and •
quality of information was
assessed against core psychoeducation principles and current bipolar disorder treat•
ment guidelines.
•
The management tools were
evaluated with reference to
the best practice resources for
the specific area.
General app features and privacy and security.

Informative apps covered more than a third
(4/11, 36%) of core psychoeducation principles and 15% (2/13) of best practice
guidelines.
A third (10/32, 31%) cited their sources.
“Neither comprehensiveness of psychoeducation information (ρ=−0.11; P=.80) nor
adherence to best practice guidelines
(ρ=−0.02; P=.96) were significantly correlated with average user ratings.”

Frequency of app use and app •
satisfaction scores
•
•

In total, 78.1% (82/105) of the participants
reported daily using the app.
Patient satisfaction survey results:
Ease of use: 1.8/10 (0=very easy to use,
10=unusable)
Willingness to use after the study: 2.4/10
(0=very willing; 10=unwilling.
Participants with more daily assessments
reported higher app satisfaction (P<.05)
than those who used the app less.

•
•

https://www.jmir.org/2021/9/e19896

RenderX

Of the 139 sites, 25 (17.9%) of the sites
were categorized as WAIh guidelines level
A or AA.
WAI guidelines level AA was reached by
0.7% (1/139) of website.
None of the websites reached level AAA.
Of the 139 sites, 82% (114) of the assessed
consumer websites were not completely
accessible to persons who are visually impaired.
No P values stated.

Bashi et al (2018) Systematic re[44]
view

•

XSL• FO

The gaps identified in terms of chronic pain
management included lack of knowledge,
limited access to health care, substandard
care, and scarce self-management support.
The focus group themes included patient
education on chronic pain care, attitudebelief-culture, financial and legal issues,
and motivational content.
No P values stated.
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Randomized
controlled trial

Website designed to •
enhance self-management in chronic lower back pain

Change in pain levels, change •
in knowledge, behavioral
changes, and medication use •

•
Caiata Zufferey
et al (2009) [49]

Hagerman et al
(2017) [50]

Observational
study

Observational
study

Website Oneself de- •
signed to promote
•
self-management
and inform patients
on lower back pain
management

Self-comprehension
•
Improvement of vocabulary,
knowledge of exercises, selfconfidence, and motivation
•

•

What are the informational
•
needs of patients with lowrisk PCa, and what are the
essential aspects of treatment
DAs that increase the likelihood of physicians recommending them to the patient? •

DAsj for patients
with low-risk PCa

k

•

•
•
•
Kim et al (2002)
[51]

Meppelink et al
(2015) [52]

Mayer et al
(2003) [53]

Observational
study

Observational
study

Literature review

Website comprising •
a situational approach to the organization of diseasespecific patient information

Interface usability, personal
relevance of retrieved information, comprehension of
retrieved information.

Colorectal cancer
•
screening messages
divided into high-literacy and low-literacy groups, with and
without illustrations

Information recall, attitudes,
intention to undergo screening

A theory designed to •
format multimedia
content to optimize
patient education

Overloading, speed of content delivery, and misalignment of textual and visual
cues

•

•
•

•

•
•
•
•
•

Users accessed the website an average of
11.5 times during the 5-month study.
Mean pain levels fell in the control group
from 5 to 3.9 (10=most severe pain imaginable, 1=no pain), whereas the mean pain
levels in the control group remained largely
the same (6.1 to 6.3).
No P values stated.
Of the 129 survey participants, 32 (24.8%)
reported that Oneself increased their
knowledge about back pain.
Successful testimonials indicated that selfmanagement was encouraged.
No P values stated.
Semistructured interviews found that
“Physicians highlighted the importance of
patient education and described the characteristics of a low-risk PCa DA that would
increase the likelihood of its use in clinical
practice.”
Encourage patients to take their time in
decision-making.
Frankly inform on posttreatment side effects.
Incorporate physician recommendations on
content and mode of delivery.
No P values stated.
Responses (n=37) yielded high ratings for
the following: interface usability (4.6/5);
personal relevance of information found
(4.7/5); comprehension of information
(4.8/5).
No P values stated.
Spoken messages about colorectal cancer
screening improved recall (P=.03) and attitudes (P=.02) compared with written messages in individuals with lower health literacy.
Animations alone failed to improve recall,
but when combined with spoken text, they
significantly improved recall (P=.02).
Narration has better transfer of information
than on-screen text.
Learner-controlled segments increase
transfer of information.
Graphics and corresponding text should be
aligned visually.
Signals also improve transfer.
No P values stated.

Stage of patient journey

https://www.jmir.org/2021/9/e19896

XSL• FO
RenderX

J Med Internet Res 2021 | vol. 23 | iss. 9 | e19896 | p.183
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
Study

Oktay et al

Study type

Content

Outcomes pertaining to quality of Main results
web-based health care patient
content

Biernatzki et al
(2018) [54]

Cross-sectional
descriptive

Evaluation of the in- •
formational needs of
patients with diabetes

Treatment process, course of •
disease, abnormalities of glucose metabolism, and diabetes through the life cycle
•

Information needs among patients with diabetes is poorly investigated, although in
high demand.
No P values stated.

Boyde et al
(2009) [55]

Observational
study

An investigation of
the learning style
and learning needs

•

Questionnaire identifying
•
preferred learning modalities

In total, 64% (55/86) of the participants
reported a preference for multimodal
learning style; 18% (15/86) preferred textual information; 11% (9/86) preferred auditory; and 7% (6/86) preferred kinesthetic.
Signs and symptoms were ranked as the
most important topics to learn about.
No P values stated.

of patients with HFl
•
•
Hagenhoff et al
(1994) [56]

Systematic review

Evaluation of the
•
perceptions of both
patients and nurses
on the importance of
educational content
for patients with
congestive HF

Questionnaire evaluating the •
importance of the following
categories: anatomy and
•
physiology; psychology; risk
factors; medications, diet, and •
activity; and other

Patients and nurses rated all information as
moderately to very important to learn.
Patients often rated information as more
important than nurses did.
No P values stated.

Wehby et al
(1999) [57]

Descriptive
comparative
study

Perceptions of RNsm •
and patients concerning educational content on HF were analyzed

Ranking of categories of HF
education in order of importance by patients and RNs

•

“Patients perceived the subscales of general
HF information, risk factors, medications,
prognosis, and signs and symptoms as more
important to learn than the RNs (P<.05).”
“Patients perceived diet information as less
important to learn than the RNs (P<.05).”
“Patients perceived all eight subscales as
more realistic to learn than the RNs
(P<.05). Although not in identical order,
both groups ranked education related to
medication and signs and symptoms as the
2 priority areas.”
“Diet information was ranked eighth by the
patients and third by the RNs.”
No P values stated.

•
•

•
•
Clark et al (2004) Descriptive cor- Examination of per- •
[58]
relational study ceived learning
needs of patients
with heart failure after discharge

“The Outpatient Heart Failure •
Learning Needs Inventory
was used to rate the participants’ perceptions of the importance of educational topics
on a 5-point Likert scale.”

•
Kiliç B et al
(2015) [59]

Descriptive
comparative
study

https://www.jmir.org/2021/9/e19896
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Qualitative analysis •
of questionnaires examining perceptions
of RNs and patients •
concerning educational content on HF •
were analyzed.

Themes related to the educa- •
tional needs of patients about
use of drugs.
Themes related to lifestyle
changes.
Themes about the educational
needs of the patients related
to the characteristics of the
disease ranking of categories •
of HF education in order of
importance by patients and
RNs.

“The findings indicated that the subjects
perceived signs and symptoms and medications as most important to learn and diet,
activity, and psychological factors as least
important to learn. These findings are consistent with previous research and provide
a framework on which to base the development of educational programs for patients
with heart failure. A significant finding was
that nearly 25% of the screened patients
were unable to participate because they
were unaware that they had been diagnosed
with heart failure.”
No P values stated.
“In this study, HF patients stated that they
mainly need information about the effects
and purposes of the drugs they used. The
need for information about the management
of the symptoms that affect daily activities
are considered 2nd and the educational
needs about the disease itself are considered
3rd in importance.”
No P values stated.
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Qualitative
study

To build an evidence-based webbased patient information resource for
patients with HIV

•

Transcribed interviews of
•
stakeholders underwent qualitative content analysis
•
•

Liu et al (2017)
[61]

Umbrella review

Aimed to identify
•
the current evidence
on health education–related interventions for patients
with acute coronary
syndrome or type 2
diabetes

Clinical outcomes, behavioral •
outcomes, psychosocial outcomes, and medical service
use
•
•

•

The interviewees suggested that descriptions of all members of the health care team
involved with HIV care be included on the
website.
It was also suggested to organize the menu
into health challenge categories for ease of
navigation.
No P values stated.
Nurses and multidisciplinary teams were
the most frequent health care professionals
to provide education, and most educational
interventions were delivered after discharge.
Face-to-face sessions were the most common delivery formats of the patient educational interventions.
The psychoeducational interventions were
found to be effective in reducing smoking
and admissions for patients with acute
coronary syndrome.
No P values stated.

Credibility and completeness
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Boyer et al
(1998) [62]

Review

Review of HON-

•

Guidelines to information
•
providers, with the aim of
raising the quality of webbased data available and
helping to identify websites
that are maintained by qualified people and contain reli- •
able data.

The HONcode mainly includes the following ethical aspects: the author’s credentials,
the date of the last modification with respect to clinical documents, confidentiality
of data, source data reference, funding, and
the advertising policy.
No P values stated.

Priyanka et al
(2018) [63]

Observational
study

Evaluation and anal- •
ysis of web-based
content pertaining to
esophageal duodenoscopy for patients

GQS, Health on Net, Flesch- •
Kincaid Reading Ease, and
Flesch-Kincaid Grade Level

Three websites were found to have highquality, comprehensive, and authentic information: Healthline, Uptodate, and
Emedicine.
In total, 13 sites yielded moderate quality
of information. The mean Flesch-Kincaid
Reading Ease score was 46.92.
The mean Flesch-Kincaid Grade Level was
11th grade.
No P values stated.

coden, a guideline
designed to raise the
quality of web-based
patient education data

•
•
•

Couper et al
(2010) [64]

Cross-sectional
survey

Analysis of the per- •
ceived importance of
sources of health information on the
web

Ranking of sources in terms
of reliability and influence;
use of the internet in age
groups.

•

•

•
Volk et al (2013)
[65]

a

Cross-sectional
survey

Evaluation of ongo- •
ing studies regarding
what the standards
for DAs for patients
should be

Voting system to develop
criteria for DA standards

•

•

Internet use was more common at younger
ages, increasing from 14% among those
aged 70 years or older to 38% for those
aged 40-49 years.
Internet users rated health care providers
as the most influential source of information for medical decisions, followed by the
internet, family and friends, and media.
No P values stated.
The review comprised 13 manuscripts on
topics including current frameworks used
to create health care content, health literacy,
and the role of patient stories.
No P values stated.

SMOG: Simple Measure of Gobbledygook.

b

PEMAT: Patient Education Materials Assessment Tool.

c

TRAK: Taxonomy for the Rehabilitation of Knee Conditions.

d

VaPE: Video-Assisted Patient Education.

e

JAMA: Journal of the American Medical Association.

f

GQS: Global Quality Scores.

g

SGSS: Sleeve Gastrectomy Scoring System.

h

WAI: Web Accessibility Initiative.

i

mHealth: mobile health.

j

DA: decision aid.

k

PCa: prostate cancer.

l

HF: heart failure.

m

RN: Regional nurse.

n

HONcode: Health on the Net Foundation Code of Conduct.

Textual Information
A study by Ernest et al [12] used the DISCERN Tool to evaluate
the quality of written information regarding hormone treatment
and surgery, which was found to be poor [66]. DISCERN is a
validated tool developed by an expert panel through a process
of panel debate and health care information analysis. It is noted
to be the “first standardised index of quality of consumer health
information” [66]. The DISCERN Tool comprises 15 key
https://www.jmir.org/2021/9/e19896
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RenderX

questions that investigate publication reliability and details of
treatment choices, followed by overall judgment of quality.
Each question is answered on a 5-point scale ranging from no
to yes.
The study by Vivenkanatham et al [18] evaluated textual
information on polymyalgia rheumatica. The study concluded
that for web-based health care content to be effective, readability
must be accessible to people of all literacy levels. Similar
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conclusions on readability were also reached in the study by
Maciolek et al [20], which reported that patient education
materials are most effective when simple language accessible
to a wide patient population is used. A quality assessment study
of web-based content on rheumatoid arthritis analyzed the
readability, applicability, and accessibility of patient education
websites [21]. The mean reading level was found to be 12.1
(SD 2.3), according to the Flesch-Kincaid Readability Tool.
This tool gives a measure of how difficult a passage written in
English is to understand through analyzing factors such as word
length, sentence length, and total number of syllables. It provides
a grade level according to the US educational system ranging
from fifth grade to college graduate [67]. The same study
reported that 78% of the websites assessed were easy to navigate
[21]. Importantly, only 33% of the websites were assessed to
be user friendly for people who are visually or hearing impaired.
An evaluation of web-based information on disorders of sex
development noted strengths, including the tendency of
webpages to present focused information in chunks and in a
logical sequence [12]. A semistructured interview study of
general practitioners conducted by Hjelmager et al [13] revealed
that health information technology apps require textual
information that is targeted to patients and written with the input
of health care professionals.
The study by Rofaiel et al [14] assessed the quality of website
information about inflammatory bowel disease using the
DISCERN score to assess reliability and the relevance of
pertinent details. The mean DISCERN score for patient-searched
websites was not statistically different from that for
physician-recommended websites (3.21 vs 3.62, respectively;
P=.16). Numerous studies [12,13,15-17] identified that
readability, as analyzed by the Flesch-Kincaid Tool, of
web-based information exceeded the recommended sixth to
eighth grade reading levels [68].
In all, 3 studies evaluated the understandability and actionability
of web-based patient information by using the validated Patient
Education Materials Assessment Tool [12,17,20]. The tool
comprises inventories (one for print and another for audiovisual
content) that list desirable and undesirable characteristics of
information and produce a numeric value for understandability
as well as actionability (ie, how easy it is to act on given
information). The scores range from 0% to 100%, and a higher
score indicates that the text is more understandable or actionable.
Web-based educational content pertaining to disorders of sexual
development and tympanostomy tube placement yielded low
actionability scores (mean scores 23% and 44.6%, respectively).
Interestingly, a study by Maciolek et al [20] found that the
Patient Education Materials Assessment Tool understandability
score for academic institution patient educational material
exceeded that for content created by private institutions (P=.02)
and content from websites unaffiliated with a urologist (P=.01).

Discussion Boards or Web-Based Groups
The study by Cedars et al [27] reported on a study of patients
with urethral strictures who participate in web-based discussions
and share experiences to gain emotional support and find
answers. Patients participating in these web-based groups were
more often than not satisfied with their postoperative outcomes.
https://www.jmir.org/2021/9/e19896
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These findings are supported by the study by Teaford et al [28],
which explored the experiences of new mothers using a
web-based postpartum forum. The study found that web-based
forums provided a sense of community and a platform for
sharing information. They identified five themes pertaining to
the participants’ concept of a web-based community: social
support, anonymity, in-groups, drama, and entertainment.
However, the findings of a study by Castaneda et al [29]
highlight the importance of exercising caution with web-based
forums. The study evaluated the content of peripheral arterial
disease eHealth forums and found that 15.1% of the medical
advice given on such platforms was inconsistent with guidelines.
Furthermore, the study found that 10 of the 18 posts related to
negative personal experiences with health care providers.
It is important to note that there may be differences in patient
engagement when comparing groups that are run by health care
(or affiliated) professional service providers with those set up
by patients or lay individuals themselves. A study comparing
the difference between the effects of peer-led and moderated
groups found that moderated groups were often more active and
therefore had higher patient engagement.

Video-Based Content
The study by Pedersen et al [31] found that 4 participants who
were interviewed after watching a 14-minute educational video
on whiplash injuries felt reassured, particularly because the
video aligned with information that they had received at the
hospital. The study by Finnegan et al [32] reported that people
who visited an information hub where videos were embedded
in the webpage spent longer than 2 minutes on that webpage,
indicating that visitors with average reading capability watch
and listen to the video while browsing the text. The study also
reported that this information hub’s YouTube channel, which
featured videos explaining the concept of herd immunity, was
particularly successful, with visitors spending more than 6
minutes on that page [32].
In the context of managing health conditions, the study by
Button et al [33] found that video-based content was particularly
helpful for patients having physiotherapy for knee injuries
because they were able to visualize the correct technique. Patient
understanding and confidence were found to be improved by
this intervention. In a separate study of 80 anesthetists using a
Video-Assisted Patient Education intervention, 96% reported
that patients felt that they had a better understanding of the
information provided through the Video-Assisted Patient
Education intervention, and 97.5% of the anesthetists felt that
it was a useful form of patient education [34]. However, 46%
noted increased anxiety caused by the intervention [34].
Interestingly, the study by Ferhatoglu et al [36] found in an
evaluation of the quality of YouTube content on sleeve
gastrectomy that patient experience and advertisement videos
were significantly more popular than academic videos created
by medical professionals, according to the Video Power Index
(P<.001 and P<.003, respectively). The Video Power Index
assesses video performance by comparing the video with leaders
in its respective industry, measures its impact and effectiveness
across all platforms, and facilitates strategies to cater to target
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audiences [69]. The study by Erdem and Sisik [37] reported
similar findings and found no significant association between
video traction (likes, dislikes, or views) and usefulness of the
content (Spearman rank correlation ρ=−0.038, P=.61; ρ=−0.003,
P=.97; and ρ=−0.118, P=.12, respectively). Interestingly, the
study found no significant correlation in usefulness to video
length (ρ=−0.106; P=.16) in contrast to the findings of the study
by Biggs et al [38], which concluded that medical videos
categorized as useful had a mean length of 6 minutes and 51
seconds, with the videos rated in the top 10 having a mean length
of 14 minutes and 47 seconds.
Similar to previous findings, a study conducted to assess the
quality of YouTube videos on cataract surgery concluded that
videos created by medical organizations such as the National
Health Service were significantly more useful in terms of
educating patients about the procedure than videos sourced by
independent medical professionals and other sources (P<.001)
[30]. The study by Bademci et al [40] similarly concluded that
medical topic videos on deep vein thrombosis sourced from
medical professionals and hospitals were significantly more
useful than videos from other sources (P<.001).
In a study evaluating YouTube content on varicose veins, it was
found that most of the videos were dominated by the private
health care sector and that the video content presented a distorted
view of treatment options, consequently leading to a skewed
patient perception of the therapeutic options available to them
[39]. Not only were 32% of these videos found to be of poor
quality, but videos from private medical companies were also
significantly more likely to favor minimally invasive surgery
over ligation and stripping than videos from other sources. Once
again, there was no significant association found between quality
of content and viewing frequency.

Visuals or Pictographs
Pictographs are pictorial representations of words or phrases.
The study by Christensen et al [41] described the value of
pictographs in health communication. The study presents the
results of building and testing the game Doodle Health, which
is designed to produce pictographs through crowdsourcing. It
found that this method of pictograph creation yielded positive
feedback from focus groups with regard to usability and
comprehension. Analysis of the feedback found that 62.2% of
the participants praised the game, with a respondent describing
it as “engaging and easy to use.” However, the study also found
that people from diverse cultural backgrounds have different
styles of communication, which may render visually presented
information ineffective for minority groups. Crowdsourcing
pictographs was suggested as a potential solution to this concern.

Device Accessibility
A study by Gogovor et al [42] concluded that the next generation
of web-based educational health care programs should integrate
apps for reasons of (1) accessibility, (2) flexibility, and (3)
security and trustworthiness. Almost all the studies in our review
used web-based platforms and required devices that accessed
the web, with some studies requiring devices that accessed the
video-sharing platform, YouTube, specifically.
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A study by Lüchtenberg et al [43] found that only 18% (25/139)
of the health information websites evaluated achieved a high
standard of accessibility for users who are visually impaired as
assessed by the Web Accessibility Initiative guidelines. The
study concluded that web-based educational health care content
should at least meet the requirements of priority 1 (level A) and
preferably priority 2 (level AA) of the Web Accessibility
Initiative guidelines. Developers can ensure accessibility by,
for instance, having text alternatives for all nontext content and
using high contrast ratios of text and images [36].
Few studies used smartphones exclusively to deliver
information. Describing the benefits of using a smartphone, the
study by Bashi et al [44] noted that smartphone adoption is
becoming widespread, meaning more people can be reached;
however, studies on how apps should deliver information in
terms of interface and content is particularly lacking. The study
by Noel et al [45] assessed the impact of a mobile medical app
on plastic surgery patient care. A total of 60 patients answered
questionnaires pertaining to the app, and the results supported
the app’s utility from the patient’s perspective. The mean score
for the app’s ability to answer patient questions was 4.1/5, and
20% of the patients were prevented from unnecessarily calling
the emergency department. The use of a smartphone also
enabled patients to access information from different locations
and allowed for real-time disease management. A systematic
review by Nicholas et al [46] revealed that of the 11 studies of
apps providing patient information, only a third covered core
psychoeducational principles. Furthermore, the average user
ratings were not correlated with either comprehensiveness or
adherence to best practice guidelines (ρ=−0.11, P=.80 and
ρ=−0.02, P=.96, respectively).

Stage of Patient Journey
A qualitative study by Gogovor et al [42] using health care
professionals and patient focus groups found that health care
professionals suggested stratifying access to information
according to stage of advancement in terms of their chronic
pain management. A qualitative study of Oneself, a website
designed for use by patients with chronic lower back pain, found
it to be an effective adjunct to doctor-patient consultations
because patients found that they were unable to have all their
queries answered in the limited time of a consultation [49].
At different stages of a patient journey, decision aids may be
used as adjunctive decision-making tools to support patients.
In the study by Hagerman et al [50], the authors conducted
semistructured interviews of 33 physicians to identify the
desirable characteristics of decision aids. Of the 33 physicians,
20 (61%) stated that patients should be educated on the lack of
urgency with regard to making a treatment decision. Of the 33
physicians, 28 (85%) agreed that decision aids should be
provided to the patient after the consultation when the patient
is at home. Furthermore, 36% (12/33) of the physicians deemed
it very or extremely important that decision aids are designed
to be used during and after consultations.
Tailoring information delivery to the stage of the patient journey
is further supported by the results of the study by Kim et al [51]
who developed a system to organize web-based disease-specific
information according to a situational knowledge base model.
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The approach categorizes information about a specific disease
(eg, thyroid cancer) into sections corresponding to discrete
clinical events (eg, presentation, fine-needle aspiration biopsy,
and diagnosis). In all, 75 patients completed a questionnaire
evaluating the website, which found mean usability to be 4.6/5,
personal relevance of received information 4.7/5, and
comprehension of received information 4.8/5.

Credibility and Completeness of Information
A study by Jamison et al [47] found that 86% of the apps for
pain conditions reported were created with no involvement by
health care professionals. A comprehensive study by Bae et al
[30], assessing the quality of the content of YouTube videos
for cataract surgery patient education, found that there was an
abundance of videos simply showing patients undergoing a live
procedure. More than 20% of the educational videos were
commercial and hence potentially misleading. This may make
it challenging to find high-quality, comprehensive educational
videos on the web.
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of patient information YouTube videos on psoriasis treatments.
It concluded that 12% of the videos contained high-quality
patient education content, and most of them were not
patient-centric. Similarly, the study by Ferhatoglu et al [36]
used the Journal of American Medical Association benchmark
criteria to assess the educational quality of sleeve gastrectomy
YouTube videos and found that this score was significantly
higher in university-affiliated physician videos than in other
videos (P<.001).
The Health on the Net Foundation Code of Conduct (HONcode)
presents a set of eight principles designed to set the quality
standard for web-based patient information [62] (Textbox 1).
A study by Laversin et al [70] compared 165 HONcode-certified
websites with 165 noncertified websites. Only 0.6% of the
noncertified websites conformed to the principles of the
HONcode compared with 89% of the certified sites (P<.10).
As the study followed certified websites 6 months after
certification, the effect of the HONcode certification shows
short-term sustainability.

A study by Pithadia et al [35] used the American Academy of
Dermatology guidelines as a benchmark to evaluate the accuracy
Textbox 1. Quality standard (adapted from the study by Laversin et al [70]).
Eight Principles Designed to Set the Quality Standard for Web-Based Patient Information
1.

Authoritative: qualifications of the authors indicated

2.

Complementarity: information should support the doctor-patient relationship

3.

Privacy: personal data collected by the site kept private

4.

Attribution: cite all references

5.

Justifiability: back up claims relating to benefits and performance

6.

Transparency: accessible presentation, accurate email contact

7.

Financial disclosure: identify funding sources

8.

Advertising policy: clearly distinguish advertising from editorial content

Discussion
Principal Findings
In today’s world of access to knowledge often being initially
web-based, it is of importance for health care professionals to
be able to create effective content. This is further emphasized
in the current environment where minimum contact between
patients and health care providers is required. We performed a
wide scoping review of the literature to identify the features of
web-based content and other telemedicine requirements that
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may improve quality of engagement with web-based health care
content in this growing field. Using these results, we have
developed a framework (Figure 2) to facilitate the development
of web-based patient health care content. All the categories
except for one (visual or pictograph) were reported on by 3 or
more papers. We included the visual or pictograph category
after discussion because it was felt to be a relevant and important
means of communicating information. Although the features
identified are, on reflection, intuitive, the framework arms the
content creator with the best available strategies in making the
content engaging and hence effective.
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Figure 2. Infographic framework for modes of engagement for web-based health care content. HONcode: Health on the Net Foundation Code of
Conduct; PEMAT: Patient Education Materials Assessment Tool.

Other similar frameworks such as the International Patient
Decision Aid Standards (IPDAS) and the Standards for
Universal Reporting of Patient Decision Aid Evaluation Studies
(SUNDAE) checklists [65,71] have been developed for the
evaluation of decision aids. However, to the best of our
knowledge, this is the first framework to specifically focus on
engagement with web-based content rather than a checklist
approach to ensuring that decisions are made with appropriate
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consideration given to all relevant issues and options. A study
design published by Knerr et al [72] aimed to evaluate patient
behavior in response to a patient decision aid based on the
IPDAS standards but has not reported results. Although patient
decision aids can be a form of web-based content, efforts up to
now have been directed toward ensuring transparency and trust
in imparting information rather than ensuring the ability of
web-based material to engage the user [73]. The need to engage
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people in health care content has been overlooked. We propose
that this framework be used to improve engagement, which in
turn will improve adherence with medical treatment and hence
improve outcomes. Nevertheless, the rigorous process used by
the IPDAS and SUNDAE developers is one that we would be
interested in following in refining and adapting the framework
arrived at through this literature review.
Further work will involve a co-design process with all
stakeholders (including patients) to refine the insights we have
gained from the studies regarding engagement with web-based
content. The personalization of health care content may have
bearing on the issue of engagement. Studies have shown that it
is possible to segment the population according to the likelihood
of responding to health care messages [74,75]. Although our
framework provides the best evidence available relating to
engagement with web-based content, the holy grail may lie in
developing further the field of psychographics for health care.
Although researchers have investigated the way that
segmentation affects a defined intervention, the effect of
segmentation itself is yet to be assessed in a meaningful manner
[75]. The internet is able to bring together varied but related
content using the concept of the semantic web and the
application of folksonomies [76]. The confluence of Web 3.0
(to crowdsource content relevant to a desired health care
behavior), psychographic segmentation (including segmentation
based on the proposed framework), and machine learning may
provide a way forward. We have developed a Web 3.0 health
care content platform (Health Shared) and intend to use it for
this purpose.

Limitations
The findings of this review should be considered in the context
of several limitations. The principal limitation is that most of
the components of this suggested framework are not supported
by strong evidence. The studies were heterogeneous in their
aims, interventions, and outcomes, and some were of poor
methodological quality. Few studies discussed the effect of the
platform used on patient engagement—for example, smartphone
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app versus website versus commercial health care
information—which may play a role in patient engagement.
However, given that most of the studies discussed in the review
were general scans of available websites, the framework
developed is largely applicable to the website development
platform. In addition, few studies describe the differences
between informational sites and other modes-of-engagement
systems that provide the ability for patient input and enable
patients to contact their provider or providers; therefore, we
were not able to compare these patient information platforms.
Furthermore, because only the PubMed database was searched,
studies are likely to have been omitted from this review. Despite
this limitation, the components of the framework are intuitive,
and we believe that its application may be beneficial to health
care providers and content creators. Evaluation and subsequent
validation of the proposed framework by key stakeholders,
including patients, clinicians, and content creators, would
increase the robustness.

Conclusions
There is a paucity of high-quality data relating to the factors
that improve users’ quality of engagement with web-based
health care content. Our framework summarizes the reported
studies, which may be useful to health care content creators.
Evaluation of the utility of web-based content to engage users
is of significant importance and may be accessible through tools
such as the Net Promoter score. Web 3.0 technology and
development of the field of psychographics for health care offer
further potential for development [75]. Future work may also
involve improvement of the framework through a co-design
process.
Although there are often specific health care issues needing to
be addressed in response to crisis situations, we believe that
this work is more generally important in facilitating patient
activation and patient-supported self-management, which are
two major pillars in how health care systems need to realign to
keep up with increasing demand.
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Abstract
Background: Oncological health care services are challenged by the increasing number of cancer survivors, long-term follow-up
care, and fragmentation of care. Digital care platforms are potential tools to deliver affordable, patient-centered oncological care.
Previous reviews evaluated only one feature of a digital care platform or did not evaluate the effect on enhancement of information,
self-efficacy, continuity of care, or patient- and health care provider–reported experiences. Additionally, they have not focused
on the barriers and facilitators for implementation of a digital care platform in oncological care.
Objective: The aim of this systematic review was to collect the best available evidence of the effect of a digital care platform
on quality of care parameters such as enhancement of available information, self-efficacy, continuity of care, and patient- and
health care provider–reported experiences. Additionally, barriers and facilitators for implementation of digital care platforms
were analyzed.
Methods: The PubMed (Medline), Embase, CINAHL, and Cochrane Library databases were searched for the period from
January 2000 to May 2020 for studies assessing the effect of a digital care platform on the predefined outcome parameters in
oncological patients and studies describing barriers and facilitators for implementation. Synthesis of the results was performed
qualitatively. Barriers and facilitators were categorized according to the framework of Grol and Wensing. The Mixed Methods
Appraisal Tool was used for critical appraisal of the studies.
Results: Seventeen studies were included for final analysis, comprising 8 clinical studies on the effectiveness of the digital care
platform and 13 studies describing barriers and facilitators. Usage of a digital care platform appeared to enhance the availability
of information and self-efficacy. There were no data available on the effect of a digital care platform on the continuity of care.
However, based on focus group interviews, digital care platforms could potentially improve continuity of care by optimizing the
exchange of patient information across institutes. Patient-reported experiences such as satisfaction with the platform were
considerably positive. Most barriers for implementation were identified at the professional level, such as the concern for increased
workload and unattended release of medical information to patients. Most facilitators were found at the patient and innovation
levels, such as improved patient-doctor communication and patient empowerment. There were few barriers and facilitators
mentioned at the economic and political levels.
Conclusions: The use of digital care platforms is associated with better quality of care through enhancement of availability of
information and increased self-efficacy for oncological patients. The numerous facilitators identified at the patient level illustrate
that patients are positive toward a digital care platform. However, despite these favorable results, robust evidence concerning the
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effectiveness of digital care platforms, especially from high-quality studies, is still lacking. Future studies should therefore aim
to further investigate the effectiveness of digital care platforms, and the barriers and facilitators to their implementation at the
economic and political levels.
(J Med Internet Res 2021;23(9):e28869) doi:10.2196/28869
KEYWORDS
digital care platforms; cancer care; eHealth; telemedicine; health care services; fragmentation of care; health care fragmentation;
oncology; quality of care; barriers; facilitators; patient experience

Introduction
Background
Over the past few decades, the management of patients with
cancer has considerably changed. Owing to earlier detection of
cancer and improved treatment strategies, the number of cancer
survivors has increased [1]. For this reason, patients with cancer
currently require long-term follow-up care, similar to patients
with chronic diseases. It is expected that the increased need of
follow-up care, in combination with an overall increase of cancer
patients due to an aging society, will intensify the use of health
care services and increase health care costs [2]. Current health
care systems cannot accommodate these increased demands and
are deemed unsustainable [3,4]. An additional problem that
requires a reevaluation of oncological health care services is
the multidisciplinary, and sometimes multi-institutional, aspect
of current care. This refers to the fact that cancer patients are
usually cared for by multiple health care providers (HCPs), and
that, as a result of centralization of complex care to high-volume
centers [5], patients may receive parts of their treatment in
multiple hospitals [6-9]. These aspects result in the
fragmentation of cancer care [10].
The challenges facing cancer care are recognized by the World
Health Organization [11] and the Health Program of the
European Union [12], and have prompted them to think of
different health care structures that enable the delivery of
affordable, coordinated, patient-centered oncological care. A
solution in restructuring health care for oncological patients
could be found in telemedicine or electronic health (eHealth).
Moreover, the COVID-19 pandemic, which led to the sudden
forced implementation of telemedicine, has demonstrated the
potential of telemedicine and eHealth to many patients and
doctors [13]. These technologies therefore seem to be
indispensable for sustainable care.
For these reasons, the time seems right to deploy eHealth much
more widely in oncological care. An updated, accepted
definition of eHealth is lacking, but eHealth can be perceived
as an umbrella term for all digital communication and
information technologies that aid in health care or health care
services [14,15]. Over the past decades, multiple eHealth
interventions have been developed to support oncological care
[16,17]. The eHealth-based intervention of interest in this review
is a digital care platform. We define a digital care platform as
an eHealth-based tool that aims to increase coordinated and
patient-centered care. A digital care platform incorporates
several different features, which separately have been the subject
of study elsewhere [18-21]. First, digital care platforms may
provide patients with information specific to their situation.
https://www.jmir.org/2021/9/e28869
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Second, they can provide an overview of the patients’ personal
health records, including appointments, medical results, and
correspondence. Third, digital care platforms may also offer
direct, secure messaging with HCPs (eg, electronic consultation
[e-Consult]). We consider these three characteristics as key
features of a digital care platform. Some additional features may
include the registration of patient-reported outcomes (PROMs),
a patient forum, the possibility to exchange patient-related
information between different health care institutes, and enable
communication between HCPs and general practitioners.
Studies on the use of eHealth-based tools and their effect on
care processes have been previously described for patients with
chronic diseases [22,23]. A recent systematic review by Tighe
et al [23] indicated that digital platform–like interventions such
as self-management tools have a positive effect on physical
activity and disease-related quality of life. A systematic review
by Kooij et al [22] indicated that digital interventions had
positive effects on patient confidence and HCP satisfaction, but
that firm conclusions on its clinical effects could not be drawn.
Studies on the use of eHealth in oncological care have reported
favorable results, as it has been associated with improved
patient-provider communication [24]; improved coping with
cancer-related symptoms such as fatigue, depression, anxiety,
and physical activity [16,25-28]; and improved medication
adherence and higher patient satisfaction [20,27]. Some studies
have also reported favorable effects on quality of life [29,30].
However, these studies investigated the effect of only one
feature of a digital care platform, for instance the registration
of PROMs. Previous reviews did not study the digital care
platform as a central part of the oncological health care service
or the effect of digital care platforms on enhancement of
information, continuity of care, or patient- and HCP-reported
experiences. The effect on patient self-efficacy has only been
studied for one feature of a digital care platform, namely
self-management programs [25]. The outcome parameters of
interest (ie, enhancing availability of information, self-efficacy,
continuity of care, and patient-reported and HCP-reported
experiences) can also be placed in the Quality of Care
framework provided by the Institute of Medicine [31]. The six
domains of quality of care are safe, effective, patient-centered,
timely, efficient, and equitable care. Enhancing availability of
information is a measure of effective and equitable care,
self-efficacy is a measure of patient-centered care,
patient-reported and HCP-reported experiences are measures
of safe and patient-centered care, and continuity of care is a
measure of efficient care and arguably also timely care.
Additionally, we did not identify any existing systematic reviews
that focused on the barriers and facilitators that exist for the
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(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Hopstaken et al

successful implementation of a digital care platform in
oncological care. This is important to assess so as to adequately
determine the feasibility of a digital care platform as part of
routine oncological care.

(PROSPERO; registration number CRD42020199282) [32] and
was carried out according to the PRISMA (Preferred Reporting
Items for Systematic Review and Meta-Analyses) guidelines
[33].

Objectives

Search Strategy

The aim of this systematic review was two-fold: (1) to collect
the best available evidence of the effect of a digital care platform
on quality of care for oncological patients by focusing on
enhancement of available information, self-efficacy, continuity
of care (including communication), and patient-reported and
HCP-reported experiences; and (2) to analyze the currently
reported barriers and facilitators for implementation of a digital
platform in oncological health care.

The PubMed (Medline), Embase, CINAHL, and Cochrane
Library databases were searched for the period from January 1,
2000 until May 27, 2020. Search terms used included
“neoplasms” and affiliated terms combined with “patient portal”
or “digital care” or “eHealth.” The aim of this search query was
to provide search results on literature involving both the effect
of a digital care platform on quality of care for oncological
patients as well as barriers and facilitators for implementation.
The exact search query is shown in Textbox 1.

Methods
Protocol and Registration
This systematic review protocol was registered with the
International Prospective Register of Systematic Reviews
Textbox 1. Search query.
(neoplasms [mesh] OR cancer* [tiab] OR tumor* [tiab] OR tumour* [tiab] OR neoplasm* [tiab] OR malignan* [tiab])
AND
(“Patient Portals”[Mesh] OR “Telemedicine” [Mesh] OR Patient portal*[tiab] OR Patient platform*[tiab] OR Patient web portal*[tiab] OR Patient
internet portal*[tiab] OR virtual care*[tiab] OR digital care [tiab] OR ehealth [tiab] OR e-health [tiab] OR econsult [tiab] OR e-consult [tiab])

Eligibility Criteria
Studies of interest included randomized controlled trials (RCTs),
prospective studies, and retrospective cohort studies. In addition,
qualitative studies in which questionnaires were distributed or
stakeholders were interviewed to investigate barriers and
facilitators were also included. All studies were required to
generate empirical data. Studies not written in English were
also screened on the condition that they presented an English
abstract. A translator could translate the full text if the abstract
seemed to be eligible, thus avoiding a language bias. Systematic
and narrative reviews, conference abstracts, and single case
reports were excluded.
For our first objective, to collect the best available evidence of
the effect of a digital care platform on quality of care, studies
were required to involve oncological patients ≥18 years old.
These clinical studies had to assess the effectiveness of a digital
care platform. Although we provided our definition of a digital
care platform in the Introduction, considering the exploratory
stage of research of digital platforms in oncological care, we
suspected that there would be a rather limited number of studies
investigating such an extensive digital care platform. For this
reason, for inclusion in our systematic review, a digital care
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platform was required to have at least two of the following key
features: (1) provide general information concerning the disease
as education (eg, symptoms, treatment, follow-up, prognosis);
(2) provide patient-specific information concerning their medical
file, such as planned appointments, treatments, and lab results;
and (3) enable patients to communicate with their physician or
specialized nurse via chatting, e-Consult, or email. Figure 1
depicts these and other features of a digital care platform.
Studies that did not involve a digital care platform with at least
two of the three above-mentioned features and studies that
provided insufficient or vague details concerning the digital
intervention were excluded from the analysis to assess our
primary objective.
For the second objective, identification of barriers and
facilitators for implementation of a digital care platform in
oncological care, studies were not required to involve a digital
care platform that was already implemented. They could
comprise studies that actually implemented a digital care
platform and subsequently described the barriers and facilitators
for implementation, but they could also comprise studies that
identified barriers and facilitators based on a hypothetical
discussion with stakeholders. In the latter case, the digital care
platform in question was not yet implemented or developed.
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Figure 1. Explanatory illustration of a digital care platform. Studies included in this systematic review were required to investigate a digital care
platform with at least two of the following features: (1) general information provision, (2) electronic patient file, or (3) electronic consult (Econsult)
with health care providers (HCPs). PROM: patient-reported outcome measure.

Study Selection
Two separate reviewers (JH and LV) screened the search output
on titles and abstracts using Rayyan software [34]. During this
screening process, the reviewers were blinded to each other’s
decisions. Studies with a contradictory judgment were discussed.
In case of a remaining discrepancy, senior reviewers (RH and
MS) were asked to arbitrate. The full texts of the selected studies
were screened for eligibility. Reference lists of studies that were
included after full-text screening were checked for additional
eligible studies (snowball method). In cases in which multiple
eligible studies reported on the same dataset (≥50% overlap of
sample size), we excluded the article with the shortest follow-up.

Data Extraction and Analysis
Two authors (JH and LV) extracted data using a shared template.
These data included: (1) author, year of publication; (2) country;
(3) study design; (4) patient population, sample size; (5)
platform that was the subject of the study; 6) features of the
platform; and (7) the outcome parameters, including
enhancement of available information, self-efficacy, continuity
of care, and patient- and HCP-reported experiences. If possible,
data were pooled; otherwise, synthesis of the results was
performed qualitatively.
Barriers and facilitators for implementation of digital care
platforms were categorized according to the framework of Grol
and Wensing [35]. This framework categorizes barriers and
https://www.jmir.org/2021/9/e28869
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facilitators at six different levels: (1) innovation, which involves
advantages in practice, feasibility, credibility, accessibility, and
attractiveness; (2) individual professional, which concerns the
awareness, knowledge, attitude, motivation to change, and
behavioral routines of the involved professionals; (3) patient,
which involves knowledge, skills, attitude, and compliance of
the patients; (4) social context, which concerns opinion of
colleagues, culture of the network, collaboration, and leadership;
(5) organizational context, which includes the organization of
the care processes, staff, capacities, resources, and structures;
and (6) economic and political contexts, which involve
regulations, financial arrangements, and policies. The frequency
of the barriers and facilitators mentioned, and the quality of the
studies were used to prioritize barriers and facilitators.

Critical Appraisal of Evidence
The Mixed Methods Appraisal Tool (MMAT) version 2018
was used to critically appraise the included studies [36]. The
MMAT is designed to help reviewers appraise the quality of
empirical studies with different methods. These include
quantitative RCTs, quantitative nonrandomized trials,
quantitative descriptive studies, as well as qualitative and mixed
methods studies. Each category includes five different quality
parameters, all requiring to be assessed by answering “yes,”
“no,” or “cannot tell” (maximum total score=5). Two authors
(JH and LV) independently appraised all studies. In case of
disagreement, RH and MS were asked to arbitrate. Studies with
J Med Internet Res 2021 | vol. 23 | iss. 9 | e28869 | p.199
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Results
Search Results
The initial search generated 6789 articles. After removal of
duplicates and initial screening of titles and abstracts, 52 studies
remained for full-text assessment. Of these 52 studies, 17 articles
met our eligibility criteria and were included in this systematic
review. Figure 2 depicts the PRISMA flowchart for the study
screening process.

Figure 2. PRISMA flowchart.

Study Characteristics
Overview
Of the 17 included studies, eight were clinical studies that
implemented a digital care platform and assessed its effect on
at least one of the predefined outcome parameters [37-44]. Four
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of these clinical studies [39,42-44] also described barriers and
facilitators for implementation. The other nine studies [45-53]
only investigated barriers and facilitators for digital care
platforms. None of the included studies was written in a
non-English language. Table 1 and Table 2 show the baseline
characteristics of the clinical studies and the barrier and
facilitator studies included in this review, respectively.
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Table 1. Baseline characteristics of clinical studies.
Reference

Country

Study design

Patient population
and sample size

Platform
studied

Outcome parameters

Gener- Ace-Conal incess to sultd
forma- EMRc
tion

AvailSelfability
efficaof infor- cy
mation

COCe

✔

X

✔

✔

✔

X

✔

✔

X

PREf/
HCPEg

RCTh

450 patients with

Norway

RCT

167 patients with
WebBCA (<12 months) choice

✔

X

✔

X

✔

X

X

✔

X

Belgium

Mixed
methods

23 patients with
metastatic kidney
or bone cancer

DOP

✔

✔

✔

✔

X

X

✔

✔

✔

Groen et al Nether[40]
lands

Feasibility
study

37 patients with

MyAVL

✔

✔

X

✔

✔

X

✔

✔

X

Gustafson
et al [41]

US

RCT

257 patients with
BCA

CHESS

✔

X

✔

X

✔

X

X

✔

X

Kuijpers et
al [42]

Netherlands

Mixed
methods

92 patients with
BCA (<12 months
treatment)

MyAVL

✔

✔

X

✔

✔

X

✔

✔

✔

Ruland et
al [43]

Norway

Prospective 103 patients with
cohort
BCA (n=56) and

Webchoice

✔

X

✔

✔

X

✔

✔

✔

✔

Healthy.me ✔

X

✔

✔

✔

✔

✔

✔

✔

Baker et al
[37]

US

Børøsund
et al [38]
De Regge
et al [39]

BCAi

CHESSj

Q1a Q2b

Features of digital care
platform

k

NSCLC (<12
months)

PCAl (n=47)
Tiong et al
[44]

Australia

Prospective 50 patients with
pilot study BCA

a

Q1: addresses research question 1 (to collect the best available evidence of the effect of a digital care platform on quality of care for oncological
patients).
b

Q2: addresses research question 2 (to analyze the currently reported barriers and facilitators for implementation of a digital platform in oncological
health care).
c

EMR: electronic medical record.

d

e-Consult: electronic consult.

e

COC: continuity of care.

f

PRE: patient-reported experiences.

g

HCPE: health care provider–reported experiences.

h

RCT: randomized controlled trial.

i

BCA: breast cancer.

j

CHESS: Comprehensive Health Enhancement and Support System.

k

NSCLC: nonsmall cell lung cancer.

l

PCA: prostate cancer.
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Table 2. Baseline characteristics of barrier and facilitator studies.
Reference

Country

Alpert et al [45] US

Q1a

Study design

Patient population and sample size

Description of platform

In-depth semistructured interviews with
cancer patients and
oncologists

35 cancer patients (breast n=9,
hematologic n=6, gastrointestinal
n=5, genitourinary n=4, lung n=3,
sarcoma n=3, skin n=3, gynecologic
n=2, other n=3) and 13 oncologists

Patient portals offer functional ben- X
efits to patients as they enable con-

12 colorectal cancer patients, 17
Patient-controlled “personal electron- X
physicians, and 26 other health care ic health record” (PEPA) (in develprofessionals
opment)

Baudendistel et
al [46]

Germany

Qualitative explorative study using focus groups

Ector et al [47]

Netherlands

Design thinking devel- 8 CMLd patients, 14 hematologists
opment study

Q2b
✔

venient patient access to EMRc data
from devices such as personal computers or smartphones; they allow
the ability to request medication refills, schedule appointments, and
they support secure messaging

CMyLife, a web-based, patientcentered intervention

✔

X

✔

Geerts et al [48] Netherlands

Mixed methods design: focus group and
literature for patient
survey, and physician
survey based on literature

Patients with hematologic malignan- Not yet developed
cy (questionnaire: n=204, focus
group: n=6) and their physicians
(questionnaire: n=13)

X

✔

Gerber et al
[49]

US

Qualitative study using 2 focus groups

13 nurses from a cancer center

X

✔

Girault et al
[50]

Canada

Questionnaire-based
survey

1072 patients treated in a comprehen- Internet-based technologies such as X
sive cancer center
patient portals, websites, and applications managed by health care institutions to improve cancer care coordination

✔

Kildea et al [51] Canada

Participatory stakeholder design

Focus group and survey among 361 Electronic patient portal accessible X
cancer patients
through smartphones (not yet developed)

✔

Kuijpers et al
[52]

Netherlands

Focus group interview- 21 BCAe patients, 31 lung cancer
Interactive portal
ing (9 groups)
patients, and 31 health professionals

McCleary et al
[53]

US

Focus group sessions
and surveys

De Regge et al
[39]

Belgium

Kuijpers et al
[42]

Netherlands

Not yet developed

X

✔

Focus group: 20 patients and family Patient gateway application as pa- X
and 5 advisory council members;
tient portal: a secure, web-based
survey: 1019 cancer patients
database enabling patient access to
their health and disease information
embedded within an EMR, managed
by individual health care organizations and accessible via the internet

✔

Mixed method triangu- Interviews with 23 patients, 2
lation design
physicians, 1 nurse specialist, 2
nurse consultants, 9 nurses, and 1
psychologist

The digital oncology platform in✔
cludes the individualized care path,
reliable treatment-related information, contact details for the treatment
team, secure conversations with the
treatment team, self-registration of
complaints, and a diary

✔

Mixed methods design: pretest-posttest
design and focus
group

MyAvL includes personalized edu- ✔
cational material, overview of past
and upcoming appointments, EMRs,
medication overview, questionnaire

✔

6/92 BCA patients were included in
focus group discussions; 24 health
care providers were asked to fill out
a questionnaire

concerning PROMsf
Ruland et al
[43]

Norway

https://www.jmir.org/2021/9/e28869
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Prospective cohort

103 patients with breast cancer
(n=56) and prostate cancer (n=47)
received questionnaires with space
for additional comments and suggestions

WebChoice is an interactive elec✔
tronic health application that includes personalized information, a
communication tool where patients
can receive support from peers or
professionals, a diary, and a selfmanagement component

✔
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Reference

Country

Tiong et al [44] Australia

Hopstaken et al
Q1a

Study design

Patient population and sample size

Description of platform

Prospective pilot
study

50 patients with BCA were asked to
use the platform and fill out a questionnaire; 9 patients were invited for
a face-to-face feedback session

Healthy.me is a secure personally
✔
controlled health management website that features the patient journey
with tailored information, appointment overviews, interactive forums,
and messaging with peers and private messaging with health care
providers

Q2b
✔

a

Q1: addresses research question 1 (to collect the best available evidence of the effect of a digital care platform on quality of care for oncological
patients).
b

Q2: addresses research question 2 (to analyze the currently reported barriers and facilitators for implementation of a digital platform in oncological
health care).
c

EMR: electronic medical record.

d

CML: chronic myeloid leukemia.

e

BCA: breast cancer.

f

PROM: patient-reported outcome measure.

Study Design
Among the clinical studies, three were RCTs [37,38,41], two
were mixed methods studies [39,42], and three were pilot or
feasibility studies [40,43,44] investigating the use of the
platform in a small cohort. The three RCTs included 450, 167,
and 257 patients, respectively, and all assessed the effectiveness
of different variations of a digital care platform [37,38,41]. For
example, Baker et al [37] assessed the effectiveness of different
components of a digital care platform by comparing patient
groups using a platform with information only; a platform with
information and support; and a platform with information,
support, and coaching. The control group did not use a digital
care platform but used the internet. An example of one of the
mixed methods studies is that performed by Kuijpers et al [42],
in which a digital care platform was implemented in a small
cohort with a postintervention questionnaire, followed by focus
group discussions. Studies solely investigating barriers and
facilitators were mainly qualitative in nature, with the exception
of three studies applying a mixed methods methodology
[48,51,53] and one study using a quantitative methodology [50].

Patient Population
Breast cancer patients formed the majority of the study
population of the clinical studies, with 75% of all studies
including solely this patient population. The patient population
was therefore mostly female, highly educated, and young (mean
age 50 years) [37,38,42,43]. The other studies included patients
with nonsmall cell lung cancer or a diverse group a of cancer
patients such as those with renal cell cancer and sarcoma. One
study [43] included two different patient groups, namely breast
cancer and prostate cancer patients, and compared the use and
effectiveness of the digital care platform between these two
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groups. The barrier and facilitators studies (Table 2) included
patients with colorectal cancer, lung cancer, breast cancer,
hematological cancer, and a variety of other cancer types.

Interventions
Within the eight clinical studies, five web-based platforms were
distinguished. These platforms were all web-based and were
not integrated in the electronic medical record (EMR).
Seventy-five percent of the studies assessed a platform that also
intended to improve self-management by, for instance, symptom
monitoring, physical activity advice, or self-therapy
[37,38,40-43]. Although each digital care platform had at least
two of the three predefined criteria, heterogeneity concerning
the platforms was observed. For example, the digital care
platform described by De Regge et al [39] enabled HCPs,
including general practitioners, to read their patients’ medical
records from other health care centers. This allowed them to
gain insight into their patients’ treatment trajectory and
decision-making by other involved HCPs. Other platforms such
as those described by Groen et al [40] and Kuijpers et al [42]
did not have this feature, and provided personalized patient
education material, an overview of upcoming hospital
appointments, and tailored physical activity.

Methodological Quality
Quality assessment of the included studies is shown in Table
3. Of the clinical studies, four studies were of low quality
[37,41,43,44], three of moderate quality [38,39,42], and one
study was assessed as a high-quality study [40]. Regarding the
barrier and facilitator studies, three studies were of low quality
[49,51,53], one of moderate quality [48], and five were of high
quality [45-47,50,52].

J Med Internet Res 2021 | vol. 23 | iss. 9 | e28869 | p.203
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Hopstaken et al

Table 3. Mixed Methods Appraisal Tool scoring of the included studies (N=17).
Reference

Qualitative

1

2

3

4

5

Quantitative RCTsa

Quantitative nonran- Quantitative descrip- Mixed methodsb
domized
tive

1

2

3

4

5

1

2

3

4

5

1

2

3

4

Total
scorec

2

3

4

5

1

5

Baker et al [37]

—d — — — — Ne ?f

?

?

?

— — — — — — — — — — — — — — — 0

Børøsund et al [38]

— — — — — ?

Yg Y

?

Y

— — — — — — — — — — — — — — — 3

Groen et al [40]

— — — — — — — — — — Y

Gustafson et al [41]

— — — — — 1

Clinical studies

?

?

?

?

Y

Y

?

Y

— — — — — — — — — — 4

— — — — — — — — — — — — — — — 1

Clinical studies with barriers and facilitators
de Regge et al [39]

Y

Y

?

N

Y

— — — — — — — — — — Y

Y

Y

Y

Y

Y

?

Y

Y

N

3

Kuijpers et al [42]

— — — — — — — — — — N

Y

N

Y

Y

— — — — — — — — — — 3

Ruland et al [43]

— — — — — — — — — — Y

N

?

?

?

— — — — — — — — — — 1

Tiong et al [44]

— — — — — — — — — — N

?

Y

N

?

— — — — — — — — — — 1

Barrier and facilitator
studies

a

Alpert et al [45]

Y

Y

Y

Y

Y

— — — — — — — — — — — — — — — — — — — — 5

Baudendistel et al [46]

Y

Y

Y

Y

Y

— — — — — — — — — — — — — — — — — — — — 5

Ector et al [47]

Y

Y

Y

Y

Y

— — — — — — — — — — — — — — — — — — — — 5

Geerts et al [48]

Y

Y

?

N

?

— — — — — — — — — — Y

Gerber et al [49]

Y

Y

?

?

N

— — — — — — — — — — — — — — — — — — — — 2

Girault et al [50]

— — — — — — — — — — — — — — — Y

Y

?

Y

Y

— — — — — 4

Kildea et al [51]

Y

Y

?

N

?

— — — — — — — — — — Y

Y

?

?

?

Y

Kuijpers et al [52]

Y

Y

?

Y

Y

— — — — — — — — — — — — — — — — — — — — 4

McCleary et al [53]

Y

Y

?

N

?

— — — — — — — — — — Y

Y

Y

Y

?

?

Y

Y

Y

Y

?

Y

?

N

Y

?

?

?

?

Y

N

N

N

3

1

1

RCT: randomized controlled trial.

b

For mixed methods studies, a score of 5.5 was required to be evaluated using category 1 and category 3 or 4.

c

Total score: 0-2=low quality, 3=intermediate quality, 4-5=high quality.

d

Not relevant.

e

N: no.

f

?: cannot tell.

g

Y: yes.

Outcome Measures
Enhancing Availability of Information
Five studies [39,40,42-44] reported on enhancing availability
of general information on a digital care platform. In a
high-quality feasibility study [40], the option to receive
information was scored by patients with a mean of 7.1 (SD 1.5)
on a scale of 1-10. The actual usage of information sections in
the digital care platform differed among studies. One
high-quality study reported the patient EMR to be the most used
section of the digital care platform (mean 6.7, SD 4.7 logins
during the 4-month study period) [40] and another study of
moderate quality reported the opposite finding that the
information section was rarely viewed (mean 0.75, SD 1.4
number of times participants consulted the information section)
[39]. Needs of patients also differed, as Ruland et al [43]
https://www.jmir.org/2021/9/e28869
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reported a significant difference (625 vs 271, P=.01) in the
number of visits to the information section between breast cancer
and prostate cancer patients, with breast cancer patients visiting
this section more often. In this study, which was appraised as
low quality, information comprehensibility of the digital care
platform was rated with an overall mean score of 7.2 (SD 1.4)
and usefulness was rated with a mean score of 6.5 (SD 1.7),
both on a scale of 1-10 [43]. The main reasons for consulting
the general disease-related information section of the digital
care platform were to get help with problems and to get
assurance. In addition to the information section, the platform’s
ability to directly communicate with a nurse was perceived as
very useful, because it was perceived as easy-to-understand
information. The nurses’ contribution to a patient forum was
reported as a trustworthy source of information [43] and
therefore was highly valued by patients [44].
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Self-Efficacy

Patient- and HCP-Reported Experiences

Six studies investigated the effect of a digital care platform on
self-efficacy [37,38,40-42,44] and all of them reported positive
effects. Although the effects were not significant, a clear trend
toward a positive effect on self-efficacy was reported. In the
RCT performed by Børøsund et al [38], a moderate-quality
study, patients using a digital care platform tended to score
higher on self-efficacy compared with patients in the usual care
group (mean difference 8.81, range 33-297, 95% CI –0.92 to
18.53, P=.08). Patients reported that a digital care platform was
helpful in managing their health [44]. Groen et al [40] and
Kuijpers et al [42], studies with high to intermediate quality,
reported that access to general disease-related information and
patients’ EMRs enhanced patients’ knowledge of their disease
and their sense of control, based on questionnaires. Two RCTs
showed that using a digital care platform increased patients’
perceived ability to obtain and use health care information. The
digital care platform also increased their comfort and activation
level of dealing with physicians and health care situations
compared to the patient group only using the internet [37,41].
However, both of these RCTs were categorized as low quality.

Seven studies [37-40,42-44] reported on patient- or
HCP-reported experiences. Patient satisfaction with the studied
platform
was
considerably
high
in
three
intermediate/high-quality studies, with a mean rating of 3.9
(range 3.8-4.09) on a 1-5 scale [39,40,42]. A low-quality RCT
that aimed to compare the effects of three different types of
interventions and one control observed significantly higher
patient satisfaction scores with their HCPs compared with those
of the control group at 6 weeks (3.46 vs 3.17, P=.01) and 6
months (3.48 vs 3.28, P=.03) [37]. The majority of patients
(75%-93%) stated that the platform was easy to use and that it
was a valuable addition to their health care experience [40,42].
The most used features of the platform varied among studies,
but mainly consisted of the personal medical records in
intermediate/high-quality studies [39,40,42]. Only two clinical
studies reported the experiences by HCPs. De Regge et al [39],
an intermediate-quality study, reported that HCPs perceived the
digital care platform as valuable compared to current care
because it provides reliable, easy-to-access information for
patients and because it enables the exchange of patient-related
information between care providers. Despite these positive
experiences, one-quarter of the physicians interviewed by
Kuijpers et al [42], an intermediate-quality study, reported an
increase in workload after installment of the digital care
platform, varying from a few extra minutes to more than 10
minutes per patient, for additional explanations on information
made available on the platform.

Continuity of Care
None of the included clinical studies reported specifically on
continuity of care as a primary or secondary outcome parameter.
However, three low/intermediate-quality studies [38,39,43]
reported on the aspect of communication between patients and
HCPs and among HCPs within the platform. A
questionnaire-based pilot study [43] reported that the most
valued feature of the platform (ie, Webchoice) as expressed by
the study population was the ability to send messages to their
HCPs. That same research group investigated the effects of their
platform in an RCT and reported 40% use of the messaging
service in this platform [38]. Patients perceived this feature to
be useful and easy to understand. De Regge et al [39] reported
that HCPs perceived the ability to exchange research results
between HCPs (eg, HCPs in other hospitals and primary care)
as valuable to patient care and a means to optimize continuity
of care across institutes.
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Barriers and Facilitators Levels
Overview
Table 2 presents the baseline characteristics of the studies
describing barriers and facilitators. Tables S1 and S2 in
Multimedia Appendix 1 present all barriers and facilitators
identified in the included studies. The most prominent barriers
and facilitators are discussed below. Figure 3 depicts the
illustrative quotations found in the studies for each level.
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Figure 3. Illustrative quotations mentioned in included studies concerning barriers (in red) and facilitators (in green) for implementation of a digital
platform.

Innovation Level
Four studies [44,46,48,51] described technical challenges as a
possible barrier for implementation. These included software
development, functionality of the website, bugs, and log-on and
internet access issues. A second barrier, concerning accessibility
of the innovation, was patients’ unawareness of the existence
of the digital care platform, which led to limited or no use of
the platform [53]. Despite these barriers, three studies showed
that the use of a digital care platform is feasible [40,42,44].
Facilitators in practice were numerous: access to general and
tailored medical information [42,45,47-49,52], full EMRs
[39,42,45-48,50-52], and educational materials [42,47].
Moreover, the possibility to consult HCPs through interactive
tools was mentioned to be a positive feature of a digital care
platform that encouraged usage [43,44,47,48,50].
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Individual Professional Level
The most frequently described barrier at the professional level
was the concern of HCPs regarding the release of medical
information on the digital care platform and the
comprehensibility of medical jargon for patients
[39,45,46,48,49,51,52]. Patients learning about a change in their
health and well-being via a digital care platform was a fear
expressed by all oncologists included in two studies [45,48].
The second most frequently described barrier, described in seven
studies [39,42,45-47,49,51], concerned the fear of increased
workload such as an increased burden of documentation,
monitoring, and direct digital communication with patients
[39,42,45,49].
Concerning facilitators, one study suggested that a digital care
platform would not increase workload but would rather reduce
workload by easing data management [46]. Another facilitator
J Med Internet Res 2021 | vol. 23 | iss. 9 | e28869 | p.206
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mentioned was the ability to exchange information or medical
results between different HCPs, including those in primary care
such as general practitioners [39,46]. The optimization of data
exchange between institutes could avoid or reduce repeated
health assessments [46].

of care and diminishes fragmentation of care [39,46]. Another
facilitator at the organizational level was the early introduction
of the digital care platform to the patient, preferably at diagnosis
[44], and sufficient instructions concerning appropriate use of
the platform for patients as well as HCPs [49].

Patient Level

Economic and Political Contexts Level

Three studies indicated that patients had concerns about the
readability of the information (medical jargon) displayed on the
digital care platform and whether medical results could be
adequately understood without professional interpretation
[45,46,48]. Some patients mentioned that this could increase
anxiety [48,52].

Data security and protection regarding the digital care platform
were concerns reported by numerous studies [46,50,51,53].
During the development of the digital care platform described
by Kildea et al [51], cybersecurity testing and legal issues were
the most time-consuming processes. These legal issues involved
the ownership of intellectual property [51] and liability [46,51].

Facilitators at the patient level were numerous, as indicated in
Table S2 of Multimedia Appendix 1. In several studies, patients
and oncologists mentioned that patients having access to the
platform and their EMR could better prepare them for their
doctor visit and enabled them to take on an active role during
the consultation [45-47]. In addition, patients’ willingness to
communicate via digital resources facilitated implementation
[53]. Lastly, improved patient-doctor communication was
described as a facilitator, either by improved preparedness for
doctor visits or by direct messaging [52].

Secure access was therefore identified as an important facilitator
for a digital care platform [48]. Another facilitator, in the
economical context, was that conferred by the optimized
exchange of patient information between institutes, enabled
with a digital care platform, and that unnecessary repeated
diagnostic procedures and health assessments could be avoided
[46].

Social Context Level

Discussion
Principal Findings

Two studies mentioned the integration of the platform into
existing systems as a barrier [44,47]. This would be especially
relevant in cases in which the digital care platforms were also
developed for other chronic diseases [47]. Limitations in time
and resources were reported as another type of barrier [44].

A digital care platform for oncological patients has the potential
to improve quality of care through the improved availability of
information and positive effect on self-efficacy. Although
continuity of care was not studied as a primary outcome in the
identified studies, based on focus group interviews with HCPs,
a digital care platform potentially improves continuity of care
by optimizing the exchange of patient information across
institutes. Patient-reported experiences such as satisfaction with
the platforms were considerably positive. Our barrier and
facilitator analysis indicated that the majority of barriers exist
at the professional level. This included a concern of increased
workload for HCPs and release of unattended medical
information to patients. The majority of facilitators were
identified at the patient and innovation levels. The patient’s
ability to become more informed, empowered, and involved in
their care was identified as a prominent facilitator. Another
relevant facilitator, at the organization level, is the digital care
platform’s potential to improve information exchange between
HCPs across different institutes. This is relevant as this may
improve continuity of care and diminish fragmentation of
oncological care. Among the clinical studies, the majority were
of low to intermediate quality. Regarding the barrier and
facilitator studies, the majority were of high quality.

A clear facilitator at the organizational level was the digital care
platform’s ability to exchange important patient information
across health care institutes. HCPs emphasized the advantage
of a digital care platform in improving the cross-sectoral
availability of information about the patient to HCPs who are
involved in the patient’s treatment. It is suggested that the digital
care platform could thereby diminish information loss, be of
use in emergency situations where the rapid release of medical
information is vital, and avoid repeated diagnostic investigations
[46]. Organization of care could be improved as the improved
availability of information promotes cross-boundary continuity

The positive effects of a digital care platform described in this
review are consistent with prior research studying isolated
features of digital care platforms [16,29,54]. A digital care
platform seems to be a helpful medium in providing patients
with general disease-related and personal information. This is
a welcoming result as previous studies have described that a
considerable number of patients are dissatisfied with information
provision [55,56]. Moreover, 40%-80% of all medical
information provided by the HCP during a consultation is
forgotten or remembered incorrectly [57]. Therefore, the need
of patients to read or reread medical information that is relevant

Three studies reported concerns on how a digital care platform
could change the doctor-patient relationship [48] such as by
increasing the patient’s autonomous handling of information
[46]. The digital care platform could make patients increasingly
reliant on technology with decreased reliance on face-to-face
communication [46,49]. This was feared as it may negatively
influence the outpatient clinic visits as patients become more
focused on discussing (irrelevant) details regarding available
biomedical results rather than discussing values and preferences
important for a follow-up treatment [48].
The change of the doctor-patient relationship was also
mentioned as a facilitator. By enabling access to medical
information, patients could become more actively involved in
the management of their care and feel more comfortable to
interact with their HCPs during consultations [42,45].

Organizational Context Level
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for their situation is an important facilitator for a digital care
platform. In this systematic review, we identified studies that
showed positive effects on self-efficacy, but no convincing
clinically significant effects. In another systematic review, which
studied the effectiveness of eHealth-based self-management
tools, significant yet small effects on self-efficacy were
described [25]. The authors explain that the tool was able to
increase self-efficacy by enabling patients to enhance
participation in their care trajectory. A more recent randomized
trial refuted this finding [58]. In this RCT, the effect of an
eHealth-based self-management tool (Oncokompas) was
investigated in 600 cancer patients. At 3 and 6 months, patients
were assessed on self-efficacy with the General Self-Efficacy
scale. No significant effects on self-efficacy were observed
(mean difference 0.5, 95% CI –0.4 to 1.4, P=.31). The authors
partially attributed the lack of effect to the included patient
population, which mostly consisted of patients diagnosed with
cancer 2 years prior to the study. The authors suggested that
this population is perhaps less in need of a self-management
tool to increase self-efficacy as they have more experience and
“know-how” compared with their newly diagnosed peers. The
hypothesis that the effect of an eHealth-based tool may vary
considerably depending on the patient population is important
to consider for assessing the effectiveness of a digital care
platform. In our systematic review, we included studies with
patients in different stages of their disease trajectory and with
different cancer types, and all effects regarding self-efficacy
were positive but not significant. On the one hand, this aspect
can be perceived as a limitation because the heterogeneity of
patients may underestimate the effect of a digital care platform.
On the other hand, it is a strength as we now have an overview
of the effect of a digital care platform on self-efficacy of a broad
cancer patient population, thereby increasing the generalizability
of our results.
Similarity with prior work concerns the limited number of
studies investigating combined features of a digital care
platform. During the screening process of this review, we
encountered numerous studies that only investigated one feature
of the platform. This finding is similar to the findings of a review
by Kruse et al [20], which concluded that many studies assessed
the effect of one feature of a digital care platform and that a full
platform was rarely studied in clinical practice. To adequately
ascribe outcomes as an effect of the intervention, it is reasonable
to first study an isolated feature of a digital care platform.
However, it is absolutely vital to also study the combined
features in a digital care platform for two key reasons: (1)
because this is likely to be the eHealth intervention that is
implemented in practice, and (2) because the effect of multiple
features may not be equivalent to the sum of effects of a single
feature.
The fact that we assessed the effects of digital care platforms
that had at least two key features can therefore be considered a
strength of this review. In addition, we assessed the effect of a
digital care platform on quality of care parameters such as
continuity of care, and described the patient- and HCP-related
experiences. Other reviews did not, and instead only assessed
the effect of a digital care platform with one feature or chose
to study different endpoints such as fatigue, physical activity,
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depression, quality of life, and self-management abilities
[20,25,29,30,54,59]. An additional strength is that we analyzed
barriers and facilitators for implementation. This allows for a
good understanding of what is needed for successful
implementation. A final strength is that the search query was
quite elaborate without exclusion of non-English articles,
thereby minimizing the possibility of missing valuable studies.
For these reasons, this systematic review provides a
comprehensive overview of the best available evidence of the
effect of a digital care platform on quality of care for oncological
patients.
However, this systematic review also has some limitations.
First, the included clinical studies were mostly early-stage,
single-arm prospective studies where feasibility and
acceptability were investigated. Although we did include three
studies with a more advanced research methodology (ie, RCTs),
these studies were all appraised as studies with low to
intermediate quality. This makes interpretation of these RCTs
quite challenging. One RCT reported a significant difference
in patient satisfaction scores favoring a type of digital care
platform [37]; however, the minimal difference (3.48 vs 3.28
on a 1-5 scale) puts into question the clinical relevance of this
finding. A second limitation of this review concerns the
heterogeneity of study designs and of the digital care platforms.
Despite our predefined criteria of what a digital care platform
should include, they were still quite different from each other
with respect to the specific web format, options, and intended
use, among other aspects. This heterogeneity precluded a pooled
analysis with quantitatively measured outcome parameters. A
third limitation concerns the study population and its
representativeness. Three-quarters of the clinical studies
included breast cancer patients. This study population mainly
consists of well-educated females [60]. Indeed, 72%-73% of
the breast cancer population in the studies included in this
review had a college or university degree. It is plausible that a
high education is an important factor for successful use of a
digital care platform. For this reason, results of this review
should be interpreted with caution and cannot simply be
generalized to other cancer patients. A final limitation concerns
the barrier and facilitator analysis. Studies included in this
review almost exclusively focused on the barriers and facilitators
mentioned by the end users of the platform (ie, the patients and
HCPs). Evidently, their perspectives are crucial, but barriers
and facilitators proposed by other stakeholders should also be
investigated, such as stakeholders with an organizational,
economic, and political background (eg, health insurers). This
latter group can provide insight into what is required to realize
the structural financing of a digital care platform.
Although there is a growing body of literature that describes
the positive effects of digital care platforms, high-quality studies
describing the effectiveness of these platforms integrated in
oncological care are currently lacking. In addition, most studies
implemented a digital care platform in one target patient
population such as breast cancer patients. More evidence is
required concerning the desirability and use of a platform in
patients with other types of cancers and education levels. More
specifically, it is important to investigate whether patients with
a lower level of education can benefit from digital care platforms
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to the same extent as their well-educated peers to avoid widened
health disparities. The same applies to the patient population
with limited internet access or internet skills. Studies in this
review were performed in Australia, North America, and western
Europe. The usefulness of digital care platforms in countries
with low internet access is likely very different.
Concerning barriers and facilitators, future studies should aim
to further elucidate barriers and facilitators at the organizational
level and the economic and political levels. Ultimately, this is
required for a digital care platform to become a successful
eHealth-based tool in the improvement of quality of care for
patients living with cancer.

Hopstaken et al
they could potentially serve as a valuable medium to improve
continuity of care by optimizing communication between
patients and HCPs and among HCPs. The vast majority of
patients are positive about a digital care platform and its ability
to meet their needs in improving the availability of information
and patient involvement. Although these results are favorable,
they were mostly generated by early-stage, nonrandomized
studies with a specific patient population. To fully understand
whether a digital care platform is able to increase quality of care
by supporting the delivery of coordinated, patient-centered
oncological care, more advanced studies such as RCTs are
required, as well as studies investigating the barriers and
facilitators at the economic and political levels.

Conclusion
Digital care platforms have a favorable effect on availability of
information and enhancement of self-efficacy. Additionally,
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Abstract
Despite recent and potent technological advances, the real-world implementation of remote digital health technology in the care
and monitoring of patients with motor neuron disease has not yet been realized. Digital health technology may increase the
https://www.jmir.org/2021/9/e28766
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accessibility to and personalization of care, whereas remote biosensors could optimize the collection of vital clinical parameters,
irrespective of patients’ ability to visit the clinic. To facilitate the wide-scale adoption of digital health care technology and to
align current initiatives, we outline a road map that will identify clinically relevant digital parameters; mediate the development
of benefit-to-burden criteria for innovative technology; and direct the validation, harmonization, and adoption of digital health
care technology in real-world settings. We define two key end products of the road map: (1) a set of reliable digital parameters
to capture data collected under free-living conditions that reflect patient-centric measures and facilitate clinical decision making
and (2) an integrated, open-source system that provides personalized feedback to patients, health care providers, clinical researchers,
and caregivers and is linked to a flexible and adaptable platform that integrates patient data in real time. Given the ever-changing
care needs of patients and the relentless progression rate of motor neuron disease, the adoption of digital health care technology
will significantly benefit the delivery of care and accelerate the development of effective treatments.
(J Med Internet Res 2021;23(9):e28766) doi:10.2196/28766
KEYWORDS
amyotrophic lateral sclerosis; digital health care technology; e-health

Introduction
Remote digital health technology, ranging from simple mobile
apps to implantable devices, will reform the delivery of care.
Despite the recent technological advances in biosensors, mobile
communications, and cloud computing, their real-world
implementation remains to be fully realized [1]. Motor neuron
disease (MND) is a debilitating disorder in which digital health
care technology will benefit delivery of care [2,3] and also
expedite the development of effective treatments [4-6]. Patients
living with MND rapidly lose their functional independence,
making travel, communication, and visits to specialist clinics
for assessment of vital clinical parameters challenging [7]. This
has been particularly the case during the COVID-19 pandemic
[8,9]. The effects of the pandemic have focused attention on
technological advances that increase the accessibility and
personalization of care, and remote biosensors that optimize
the collection of vital clinical parameters, irrespective of the
patients’ ability to visit the clinic, are poised to revolutionize
the clinical encounter. These developments hold benefits for
both research and care settings, driving the implementation of
real-world use of remote digital health care technology in MND
[2,10].
Notwithstanding, the following key barriers delay the adoption
and wide-scale implementation of digital health care technology
in MND [2]: (1) technical complexities, (2) low compliance
rates, (3) time investment required, (4) high costs, and (5)
legislation challenges. For clinical trials, adoption is further
complicated by regulatory hurdles because of reduced
auditability, consistency, and data quality [6,11,12]. Although
there is considerable work underway in these areas that will
facilitate the validation and initial adoption of digital technology
in MND [4,5,13-15], it is also the case that device or platform
incompatibility might further delay their wide-scale adoption
and large-scale data aggregation. Therefore, there is a recognized
need to open collaborations among clinicians, engineers, and
technology companies that will support early implementation.

https://www.jmir.org/2021/9/e28766

XSL• FO
RenderX

Here, we outline a road map that aims to (1) facilitate the
identification of clinically relevant digital parameters; (2)
mediate the development of benefit-to-burden criteria for
innovative technology; and (3) direct the validation,
harmonization, and adoption of digital health care technology
in real-world settings.

The Need for Remote Technology in MND
Disease heterogeneity and rapid physical deterioration are key
drivers in the delivery of care and monitoring of disease
progression in clinical trials. Although MND is recognized as
a clinical entity, it is better considered as a number of different
subgroups with variable clinical presentations, different causes,
and different disease trajectories. A flexible approach toward
management is required such that the patient’s clinical condition
is monitored at intervals that best reflect both the needs of the
patient and their family and the trajectory of the disease. As
progression ultimately leads to severe disability, clinical
attendance is increasingly burdensome [16], notwithstanding
the known benefits of multidisciplinary clinics that include
survival and optimal access to assistive devices or proven
treatments [17]. Unfortunately, even in developed countries,
attendance at multidisciplinary clinics is as low as 43%, and
many of those who can attend are unable to return [18].
We illustrate the extent of this attrition process, as observed in
a large clinical trial [19], in Figure 1. From the point of trial
enrollment, almost 1 in 4 (184/750, 24.5%) patients failed to
visit the clinic after 12 months, and more than one-third
(271/750, 36.1%) were unable to provide reliable respiratory
information. These figures are likely an underestimation of the
attrition rates occurring at multidisciplinary clinics because
clinical trials select for patients with better prognoses [20,21].
These high attrition rates affect the estimation of treatment
benefit within clinical trials, reduce statistical power, and may
lead to the continuation of an ineffective compound into a
subsequent phase of clinical development.
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Figure 1. Percentage of EMPOWER patients with missing information on clinical outcome measures. For each clinical visit in the EMPOWER study,
we determined the number of patients that were on study medication and were alive (ie, number at risk). Subsequently, we calculated the proportion of
missing observations per outcome measure. If the patient was no longer able to visit the clinic (as indicated by the number of missing in-clinic muscle
strength assessments), ALSFRS-R data and blood samples were collected remotely by home visit or by phone. ALSFRS-R: Amyotrophic Lateral
Sclerosis Functional Rating Scale-Revised.

Figure 1 also demonstrates that outcomes that can be measured
remotely, either by phone for the Amyotrophic Lateral Sclerosis
Functional Rating Scale-Revised (ALSFRS-R) or by a home
visit for a blood sample, can reduce attrition and may mitigate
many of the current challenges. Remote data collection can be
tailored to identify and accommodate the ongoing needs of
patients and caregivers, thus shortening the time spent at the
hospital or traveling to the hospital and personalizing visiting
schemes [14,22]. This in turn can provide a communication
channel between patients and health care providers that builds
an iterative and shared decision-making process regarding the
timing and management of interventions and the approaches to
end of life [23]. For clinical trials, home-based monitoring of
disease progression is likely to more accurately reflect the
patients’ true physical condition in free-living (ie, nonclinical)
settings and lower the burden of monitoring. This in turn is
likely to increase the number of patients who can participate in
clinical research and provide real-world insight into the
therapeutic value of experimental drugs [6,11,24]. Designing
an information source that reflects the patients’ true physical
condition in near real time is therefore of significant value for
all stakeholders.

A Road Map for MND
In this paper, we considered technology that assists with remote
monitoring of MND disease progression or identifies critical
health issues such as the development of respiratory or
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nutritional failure. To that end, we defined two key end products
of the road map, as follows:
1.

2.

A set of reliable digital parameters to capture data, collected
under free-living conditions at the patient’s home, that
reflect patient-centric measures and facilitate clinical
decision making
An integrated open-source system that provides
personalized feedback to patients, health care providers,
clinical researchers, and caregivers

To achieve this, there is a need for input from all stakeholders,
including those living with MND and those who (informally)
care for patients with MND. To promote the uptake of new
technology in real-world settings, we used a user-centered
co-design approach that involves input from stakeholders (eg,
patients, caregivers, physicians, ethicists, regulators,
programmers, and researchers) at every stage of development
[25]. There will be specific attention paid to patient, caregiver,
and researcher access as well as international regulatory,
financial, and licensing hurdles to ensure widespread
implementation, sustainability, and growth [26]. For this road
map, we have identified the following three key questions: (1)
what to measure; (2) how to measure; and (3) how to
implement? We outlined the requirements to answer each of
these questions, considering the needs of the various
stakeholders of the technology.
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What to Measure?
Patient centricity is crucial to promote long-term adherence,
where end points should focus on how aspects of MND affect
daily living and distinguish between symptoms (ie, impairments)
and activities (ie, disabilities). The clinician’s input may help
to prioritize end points in clinically relevant domains or
supplement other aspects of MND that patients may not
recognize as clinically important (eg, weight loss or cognitive
and behavioral changes). This approach maximizes the
likelihood of acquiring data that facilitate clinically relevant
decision making and minimizes the collection of redundant
information.

Workplan: What to Measure?
Information will be collected from three independent sources:
(1) a systematic literature review summarizing and
meta-analyzing all published symptomology associated with
MND; (2) face-to-face in-depth interviews and focus group
discussions with patients, caregivers, and physicians until data
saturation is reached; and (3) a cross-sectional, population-based

van Eijk et al
patient survey. We will apply a purposive and theoretical
sampling strategy to ensure that we capture the complete range
of disease patterns reported among patients with MND [27].
Videoconferencing will be used to ensure full patient
participation at all meetings. In Figure 2, we illustrate two key
elements that may help to disentangle the clinical heterogeneity
observed among patients and guide sampling strategies or
evaluate generalizability: clinical disease stage and progression
rate. Some symptoms such as speech disturbances may only be
prevalent in early clinical stages and will disappear over time
owing to a complete loss of function (illustrated as Symptom
A). Conversely, some symptoms may only be prevalent in
patients with a certain disease type or progression rate (eg,
symptoms related to spasticity in a primarily upper motor
neuron, a slowly progressing subtype of disease, illustrated as
Symptom B). Mapping the prevalence of symptoms in this 2D
plane may help to disentangle a large part of the clinical
heterogeneity in MND. Clinical stage can be defined by the
King’s clinical and Milano-Torino functional staging algorithms
[28,29], whereas the progression rate is directly related to
survival time and could be mapped by, for example, the patient’s
predicted prognosis [30].

Figure 2. Untangling clinical heterogeneity in motor neuron disease in a 3D framework. The prevalence of symptoms as reported by patients will be
mapped according to their clinical stage and (predicted) progression rate. Clusters of symptoms will be defined into domains (eg, bulbar, motor,
respiratory, and cognition) for creating a 3D map of motor neuron disease symptom heterogeneity. The map will be used to identify clinically relevant
and targetable end points. ALS: amyotrophic lateral sclerosis.

A complete list of symptoms will be extracted from the
interviews and focus group meetings, supplemented with data
from the literature review, and by language processing and text
mining from a population-based, cross-sectional survey asking
open questions such as “What bothers you the most about your
MND” and “In what way does this affect your daily living?”
Information collection will be conducted in a multicenter,
international setting to account for potential geographical, social,
and cultural differences. Finally, a large range of statistical
methods will be used for pattern recognition to cluster targets
and end points, identify redundant information, and classify
https://www.jmir.org/2021/9/e28766
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subgroups of patients with specific needs. Ultimately, this results
in a 3D framework, as depicted in Figure 2, that orders a large
part of the variability in symptoms among patients. Additional
classification using, for example, cognitive or behavioral
impairment or the presence of dementia may be applied to
further elucidate heterogeneity in MND [31,32]. The 3D
framework could help to evaluate the representativeness of the
included population and quickly identify clinically relevant and
targetable end points. The final list of targetable end points will
be evaluated by patients, caregivers, and physicians for further
refinement and prioritization.
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How to Measure?
The second step is to translate the list of clinically relevant
aspects of MND into digital parameters. For example, speech
is a clinically relevant outcome in which a mobile speech app
could serve to improve its objective assessment in a standardized
manner. Critical aspects to consider here are, among other
things, whether the mobile app requires an action-dependent or
passive task (eg, repeat a fixed sentence vs record a daily 5-min
conversation), the uniformity and precision of the digital voice
parameters (eg, speaking rate vs volume vs perturbations) [33],
the required number and length of measurements (eg, daily,
weekly, or monthly follow-up), and whether direct supervision
or caregiver assistance is required. These factors not only
determine the burden for patients or caregivers but also establish
the value of the obtained information for researchers and health
care providers. The aim is to define selection criteria for digital
technology that evaluates burden-to-information ratios and,
based on these criteria, results in a standardized and protocolized
set of digital metrics for MND.

Workplan: How to Measure?
We will conduct a series of systematic reviews to define a list
of candidate technologies for each targetable aspect of MND.
Naturally, the real-world use of the suggested technology could
reveal insights that may not have been reported previously in
the literature or by the supplier. Longitudinal studies are
preferred because they not only evaluate test-retest reliability

van Eijk et al
and the validity to capture disease progression of a digital
parameter but they also provide information on patient
adherence and the adequacy of the monitoring protocol (eg,
obtaining daily, weekly, or monthly measurements). The latter
is an often-overlooked aspect, although it has important
consequences for all stakeholders. Naturally, a daily monitoring
scheme would provide the most information about the disease
for health care providers and researchers [5] but could
disproportionally increase patient burden and lead to high
(differential) attrition. A periodic monitoring scheme may be
more successful, and a data-driven optimization of this trade-off,
while accounting for patient and health care provider
preferences, should be used.
As a practical illustration, in Table 1, we show the benefit of
changing the monitoring frequency from monthly to daily for
two end points: ALSFRS-R and daily physical activity [4]. The
benefit of more or less frequent monitoring strongly depends
on the end point, and as demonstrated by the ALSFRS-R, it
could be questionable whether high-frequency monitoring is
always beneficial. In addition, because of a difference in
progression rates among patients, the monitoring frequency
could be further optimized for each individual patient (eg, a
patient who slowly progresses may require less frequent
monitoring). Ultimately, the optimal monitoring scheme is likely
to differ from digital end point to end point, and longitudinal
data are essential to estimate a data-driven optimal
burden-to-information ratio for each device or mobile app [4].

Table 1. Sample size estimates for the Amyotrophic Lateral Sclerosis Functional Rating Scale-Revised (ALSFRS-R) and daily activity with varying
monitoring frequencies.a
Characteristic

ALSFRS-R

Daily activity

Monthly progression rateb

−0.06

−0.05

Between-patient variability, σ2between

0.062

0.042

Within-patient variability, σ2within

0.152

0.542

Monthly

226 (refc)

1208 (ref)

Biweekly

210 (−7)

805 (−33)

Weekly

199 (−12)

522 (−57)

Daily

187 (−17)

214 (−82)

Monthly

191 (ref)

322 (ref)

Biweekly

189 (−1)

251 (−22)

Weekly

187 (−2)

209 (−35)

Daily

185 (−3)

168 (−48)

Required sample size (6-month follow-up), n (% difference)

Required sample size (12-month follow-up), n (% difference)

a

Daily activity was defined as the proportion of time that the patient was nonsedentary, as described elsewhere [4]. Sample size calculations are based
on a standardized linear mixed model; data are based on 42 patients [4]. Sample size calculations assumed a target power of 80%, 2-sided α of 5%, and
a 25% reduction in the progression rate; numbers are the required sample size per group [34].
b

Progression rate is expressed as number of SD per month. Both the ALSFRS-R and daily activity were standardized to make a direct comparison
possible. The ALSFRS-R has, on average, a faster progression rate, more variability between patients, and less variability within patients compared
with daily activity.
c

ref: reference.
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There are circumstances in which digital technology may not
appropriately quantify disease symptoms (eg, changes in mood
or alterations in cognition). Therefore, an important aspect of
the road map is to additionally develop scales and questionnaires
that can be administered remotely to quantify clinically relevant,
subjective symptoms [35]. It is important for these patient- and
caregiver-reported outcome measures to consider elements such
as the ease of engagement (eg, mobile apps with multiple verbal
and nonverbal response formats), the length of questionnaires,
the validity of questions (eg, differences between
patient-reported and in-clinic outcomes), and the viability for
digitization. Ultimately, it may prove critical to harmonize and
integrate passive digital methods such as accelerometry with
task-dependent methods and questionnaires to derive the most
reliable and representative state of disease at any given time.
In addition, an important goal is to maximize the adherence and
retention of the patient or caregiver. In two studies that reported
on remote monitoring with personalized feedback in care
settings [14,22], 80%-87% of the patients provided regular
ALSFRS-R information. In two recent studies that solely
monitored disease progression without providing care, this was
reduced to 24%-56% [15,36]. It seems critical to provide an
incentive to participate, where patients do not simply upload
their data into the cloud but also receive something in return,
such as care, tailored information, or personalized insights. An
understanding of how best to retain patients in the digital
environment (eg, by incorporating behavioral or motivational
techniques) and which patient factors are related to digital uptake
or adherence are fundamental to the success of the workplan.
Finally, it is important to consider the geographical region and
the local facilities and demographics. Older populations or
patients from developing areas with minimal financial,
technological, or educational facilities may encounter challenges
when using devices. This could increase the risk of care
asymmetries across populations and should be considered when
comparing candidate technologies.

How to Implement?
A standardized format or platform for multiple digital metrics
is not yet available, and a priority of the Treatment Research
Initiative to Cure ALS will be to provide this technology [37].
This platform will solve the problem of collecting data relating
to multiple domains while using multiple apps from different
providers. Such a platform is essential because clinical decision
making is often multidimensional and requires insight into
various aspects of the patient simultaneously. The aim of this
final part of the road map is to (1) integrate different data
sources required by the end users and (2) deploy an open-source
framework product in which one can flexibly integrate different
third-party solutions, evaluate the performance of digital metrics
compared with clinically relevant events, and allow in-depth
analysis of health care expenditures and outcomes.
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Workplan: How to Implement?
In Figure 3, we schematically illustrate the final product. The
first step would be to standardize the metrics that are of interest
across different devices. The standardized metrics are
subsequently stored in a central database that acts as a single
integrative platform. The capability of the device to allow
uninterrupted, remote data access is therefore critical; the final
selection of devices or mobile apps is likely an iterative process
in close relationship with the How to Measure section. Although
the concept is simple, this part of the road map may be the most
challenging because of, among other things, privacy, regulatory,
ethical, ownership, licensing, certification, and database
challenges. A close collaboration among various industry,
academic, funding, and regulatory parties has been initiated to
provide a clear central and local governance and management
structure with meticulous planning.
The next step is to translate the centralized data into useful
information and disseminate insights to the relative end user.
Given the extent of information acquired and the number of
different stakeholders and settings, a customized approach will
be required. Where a trialist may be primarily interested in a
historical benchmark of group averages, clinicians and patients
will be principally interested in individual disease patterns.
These interests need to be carefully documented, and a dynamic,
user-centered co-design approach is vital. It is important to
evaluate how the implementation of digital parameters affects
existing standard operating procedures and work practices or
how health care professionals adhere to new MND technologies
[38]. For care purposes, defining optimal activation or flagging
rules is important for timely activation of additional care. For
example, thresholds are needed for respiratory function (or
decline in function) to alert the patient’s health care provider
or automatically refer the patient to a pulmonologist when the
threshold is reached. Defining these rules can help to standardize
remote monitoring of MND, and this requires the development
of a disease-specific protocol based on MND guidelines and
expert opinions [14].
In addition, efforts are required to evaluate different strategies
for effective communication among users, for example, the
implementation of chat functions between patients and health
care providers or the provision of personalized information or
feedback on the obtained measurements. By making use of
open-source software platforms, tailored programs can be
developed in a dynamic interface, while seamlessly integrating
the continuously updating information from wearables and
mobile apps. We have previously provided an example of such
a platform for clinical trial design [39]. The platform and
interactive platform will go through several stages before the
product can be finalized, for example, prototype development,
iterative testing phases, experimenting with varying key
parameters (eg, user burden, monitoring frequency, different
wording and timings, and different prompting regimes), pilot
releases, and upgrading, taking into account the input from all
users at every stage.
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Figure 3. The harmonization and centralization of digital outcome data before dissemination. A schematic illustration of the integration of different
devices from different third parties into a central database that acts as a single integrative platform is illustrated for vital capacity and accelerometry.
Information and insights can subsequently be disseminated interactively to the respective end users.

Finally, only by real-world implementation can the true value
of digital parameters and platforms be evaluated. For care
settings, it is important to conduct dedicated studies to evaluate
the cost-effectiveness of the digital health care technology and
its effect on clinical outcomes. The gold standard would be
randomized controlled trials, for example, allocating patients
to usual care or digital assisted care or allocating hospitals in a
cluster randomized study. An example of the former has been
published previously, in which the authors evaluated the effect
of home telemonitoring of noninvasive ventilation on the
number of hospital visits [40], together with its
cost-effectiveness [41]. Given the complexity of most eHealth
interventions [13], such trials are challenging and it may not be
immediately clear what an ideal efficacy end point would be
(eg, survival time, number of hospital admissions, costs, or
patient-reported indicators?). A key aspect for successful uptake
is to have a financial model that is sustainable, while providing
clinically relevant benefits to all stakeholders.
For clinical trials, the cost aspect may be of similar importance,
and studies evaluating the gain in retention compared with cost
would be highly insightful. Besides the potential reduction in
attrition rates and gain in information quality, it will be
necessary to determine whether digital metrics can ultimately
replace the clinical efficacy end point (ie, surrogacy) and
increase trial efficiency. The real-world systematic use of digital
health care technology, alongside common clinical efficacy
endpoints, is therefore a key first step. The potential use of
real-world data originating from digital health care technology
in clinical drug development has been recognized for regulatory
purposes [42]. Nevertheless, important challenges remain, such
https://www.jmir.org/2021/9/e28766
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as the design of interventional studies and challenges related to
data availability, data quality, auditability, and the completeness
of electronic phenotyping [43].

Data Security and Privacy Regulations
Given the current data security and privacy regulations for
medical devices and personal data (eg, General Data Protection
Regulation), data security and ethical hurdles will have a major
impact on the developmental and operational aspects of the
platform and on how the data may be used during (international)
research projects or within care settings. These aspects are not
only important for the platform itself but also apply to, for
example, cloud services from third parties. How, when, and by
whom data can be accessed need to be tailored and defined for
each participating site individually to comply with local laws
and regulations. Making use of existing infrastructures, for
example, by integrating the platform into eHealth care services
and requiring two-factor authentication could facilitate secure
data access [14], but its feasibility depends on the available
local facilities. In addition, considerations for using the data
include obtaining consent to (1) share personally identifiable
information for direct care only, (2) share personally identifiable
information for research and care purposes, or (3) share
anonymized data to be used for research only. Similarly, there
is a need to address challenges in intellectual property and data
ownership (eg, where the demarcation might be made between
clinical and technical intellectual property).
An important consideration is the CE (Conformité Européenne)
marking for medical devices and software. The disadvantage
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of CE marking an entire ecosystem, as presented in Figure 3,
is that it may significantly constrain the rate of change and
evolution of the system. CE marking locks down the design,
and any significant changes made to the system (eg, addition
of new algorithms or devices) requires reapproval by external
regulatory bodies. A consideration could be to use a mixed
approach of using CE-marked devices and algorithms
interconnected and facilitated by non–CE-marked software.
This will require some design constraints to make it possible
(eg, there can be no opacity in terms of non–CE-marked
algorithms supporting clinical decision making), and achieving
this goal will require careful design and partitioning from the
outset. Another strategy is to consolidate and rationalize into a
single CE-marked system once the ecosystem for ALS, including
measurements, algorithms, and protocols, reaches maturity.
These challenges will require dedicated strategies, which will
need to be developed with the involvement of all relevant

stakeholders and by obtaining expertise from ethicists,
regulators, and data privacy officers. Ultimately, these
discussions may affect the choice of measurement or device,
indicating that the final set of digital parameters for MND is
likely defined during a dynamic and iterative process rather
than being fixed from the outset.

Conclusions
In conclusion, this road map aims to align the current
developments in digital health care technology for MND and
initiate a collaborative effort to mediate its wide-scale adoption
across MND clinics and clinical trials. We defined the following
three key questions, the answers to which are critical to achieve
this aim: (1) what to measure; (2) how to measure; and (3) how
to implement? Each question requires a dedicated study
methodology to overcome potential implementation, adoption,
or regulatory hurdles, which are summarized in Table 2.

Table 2. Summary of the road map for remote digital health technology for motor neuron disease (MND).
Question

Aim

Method

What to measure?

To define clinically relevant,
patient-centric, and targetable
aspects of MND

•

Inventorying symptomology associated with MND
List of targetable end points for
by systematic literature review, face-to-face in-depth MND
interviews, focus group discussions, and populationbased patient surveys

How to measure?

To translate targetable end
•
points for MND into digital parameters

Candidate technologies are identified by systemic lit- Set of standardized and protoerature reviews. Standardized longitudinal studies are colized digital metrics
initiated to evaluate test-retest reliability and validity
to capture disease progression and to assess protocol
adherence.

How to implement?

To centralize digital metrics in •
an integrative platform and
disseminate user-dependent information
•

Create a single database using open-source software Scalable and validated platform
platforms, reactive programming, and third-party
to provide tailored information
cloud services
for care and research settings
Initiation of dedicated studies to evaluate health care
expenditures, cost-effectiveness outcomes, and surrogate biomarker value

Given the ever-changing care needs of patients and the relentless
progression rate of MND, aligning our current endeavors and
facilitating the adoption of digital health care technology will

Result

significantly benefit the delivery of care and accelerate the
development of effective treatments against this debilitating
disease.
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Abstract
Background: Technology, including mobile apps, has the potential to support self-management of long-term conditions and
can be tailored to enhance adoption. We developed an app to support asthma self-management among people with limited health
literacy in a web-based workshop (to ensure physical distancing during the COVID-19 pandemic).
Objective: The aim of this study is to develop and test a prototype asthma self-management mobile app tailored to the needs
of people with limited health literacy through a web-based workshop.
Methods: We recruited participants from a primary care center in Malaysia. We adapted a design sprint methodology to a
web-based workshop in five stages over 1 week. Patients with asthma and limited health literacy provided insights into real-life
self-management issues in stage 1, which informed mobile app development in stages 2-4. We recruited additional patients to
test the prototype in stage 5 using a qualitative research design. Participants gave feedback through a concurrent thinking-aloud
process moderated by a researcher. Each interview lasted approximately 1 hour. Screen recordings of app browsing activities
were performed. Interviews were audio-recorded and analyzed using a thematic approach to identify utility and usability issues.
Results: The stakeholder discussion identified four themes: individual, family, friends, and society and system levels. Five
patients tested the prototype. Participants described 4 ways in which the app influenced or supported self-management (utility):
offering information, providing access to an asthma action plan, motivating control of asthma through support for medication
adherence, and supporting behavior change through a reward system. Specific usability issues addressed navigation, comprehension,
and layout.
Conclusions: This study proved that it was possible to adapt the design sprint workshop to a web-based format with the added
advantage that it allowed the development and the testing process to be done efficiently through various programs. The resultant
app incorporated advice from stakeholders, including sources for information about asthma, medication and appointment reminders,
accessible asthma action plans, and sources for social support. The app is now ready to move to feasibility testing.
(J Med Internet Res 2021;23(9):e26434) doi:10.2196/26434
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Introduction
Background
Supported self-management for asthma (written action plans
and regular review) is highly effective at improving control and
reducing acute attacks [1-3]; however, globally, it is challenging
to implement for 334 million people living with asthma [4-7].
One of the challenges is the need to tailor support for people
with limited health literacy. Health literacy is defined as the
degree to which individuals can obtain, process, and understand
the necessary health information needed to make appropriate
health decisions [8]. Studies have associated limited health
literacy with erroneous health beliefs and poor adherence to
self-management activities [9,10]. Malaysia has a high burden
of limited health literacy in the general population [11], and
asthma control is challenged by a lack of patient education,
overreliance on unscheduled visits, and lack of action plan
ownership [12-14].
The use of digital technologies for internet-based information
is more common in the younger age group than in the middle
and older age groups [15]. Malaysia’s multigenerational
household culture and strong family orientation have helped
younger family members assist older generations in using digital
technology to stay connected and find information [16]. The
pandemic has further seen widespread adoption of digital
technologies by a broader age group of users in diagnosis,
prevention, and surveillance [17]. Three-fourth of Malaysians
are now smartphone users, with most (60.9%) of them in the
lowest income group [18]. Although health-related
information-seeking behavior on the internet is greater in those
with good health literacy [19], our previous qualitative work
among people with limited health literacy suggests that a mobile
app is a preferred medium to deliver supported self-management,
including a pictogram-based asthma action plan and signposting
to reliable asthma information sources.

Goals
For the aforementioned reasons, developing asthma
self-management tailored to limited health literacy needs is an
important context for the web-based design sprint workshop,
as various studies have shown that the extensive use of
pictograms, images, and prompts was appealing to participants
and may improve the understanding of information in mobile
apps [20-23]. However, it is essential to involve users early in
the design stage, as some of the unique features that people
want can be time-consuming and costly to build, and a balance
may need to be found between desired features [24] and those
with evidence-based recommendations [25,26].
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Using a design sprint methodology, we seek to optimize user
experience in app development by integrating patients into the
5-stage process of mapping, sketching, designing, developing,
and testing [24,27]. We used the health literacy framework [8]
to underpin the overall structure of the interventional work. The
COVID-19 pandemic and physical distancing requirements
meant that we had to conduct our workshop in a web-based
format. In this study, we report the outcomes of the workshop
deliberations and our experience of conducting a week-long
remote 5-stage program attended by patients with asthma and
health care professionals (HCPs).

Methods
Ethical Consideration
The workshop received ethical approval from the Medical
Research and Ethics Committee of the Ministry of Health,
Malaysia (ID: NMRR-19-3609-52292) and sponsorship approval
by the Academic and Clinical Central Office for Research &
Development at the University of Edinburgh (ID: AC20011).
Informed consent was obtained from all the participants before
the workshop.

Study Design
We conducted a 5-stage design sprint workshop using a
web-based and qualitative research approach. We used the
5-stage design sprint process as a roadmap to develop the
intervention. We adapted the methodology and constructed the
workshop into five stages: (1) understanding and mapping
problems, (2) sketching of solutions, (3) deciding on solutions
to problems, (4) developing a prototype, and (5) testing a
low-fidelity prototype [27,28]. The process was originally
designed in the technology sector by the Google Ventures team
for business start-up teams [27]. The involvement of the target
population and early testing enhance intervention effectiveness
and increase the likelihood of adoption at the implementation
stage [24]. Owing to the rapid development and testing stages,
this is an ideal concept for a low-resource setting, that is, time
and cost [24].
Stakeholder (patient and HCP) discussions provided insights
into self-management issues in stage 1, which informed mobile
app development in stages 2-4. We recruited patients with
asthma and limited health literacy to test the low-fidelity
prototype in stage 5 and provided feedback through qualitative
interviews. A low-fidelity prototype is a modeled prototype
with limited technical functionality [29] that is quick to create
and can be easily improved in the light of feedback in the testing
stages. The details of each stage are listed in Table 1.
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Table 1. Process, outcomes, and web-based adaptations of the workshop.
Stages and objectives

Process

Adaptations for web-based delivery of the workshop

Stage 1: understand and mapping problem
•
•

To identify the objectives •
of the prototype and the
workshop
To map out problems from
health care professionals
and patients’ perspectives •
which technology can help
to solve
•

As a team, we first discussed and agreed on the •
workshop’s long-term goals for the workshop’s
prototype and aims through a structured discussion between the patients and health care profes- •
sionals.
We listed a list of problems relating to self-managing asthma from stakeholders (patients and
clinicians) point of views.
We constructed an end-to-end process of how
•
patients cared for their asthma, and we targeted
the problems we could potentially provide solutions for using the mobile app.

Through a web conference site (Microsoft Teams),
we brainstormed the long-term goal for the app
and the workshop’s aim.
In a separate browser, using a web-based board
(Miro), we gathered the problems, potential solutions, and mapping of the target where the solutions
can occur. Interviews were audio recorded during
the workshop.
We considered scientific literature and previous
study we have conducted as expert input.

•

Reviewing and compiling sketches of ideas were
done on Miro synchronously by all researchers.
We presented these sketches of ideas to the whole
team on Microsoft Teams.
Individually, using colorful sticky notes and
marker pens, we drew the crude scenes. We took
photographs of these scenes and uploaded these on
Miro.
Each researcher was given three blue dots for the
voting, and they placed a dot on the best ideas.

Stage 2: sketch solution
•

To understand a broad
•
range of problems and solutions concerning asthma
self-management
•
•
•

Focusing on the problems, each researcher reviewed existing ideas which we could potentially
use and improve for the prototype.
The individual researcher then presented their
findings and the reasons why the ideas being
chosen.
Using this information, we then drew crude
scenes with our contents which we believed
would be suitable for the app.
After presenting the scenes and critical discussions, we voted on the best scene and content for
the prototype.

•
•

•

Stage 3: decide the solution for the problem
•

To decide on solutions
that answered our longterm objectives

•
•

•

The winning scenes and content comprised topics •
on asthma education, asthma symptoms monitoring, and supporting people living with asthma.
We took the winning scenes from our sketches,
and we constructed an end-to-end process (storyboard) on how these scenes and content would
•
appear on an App.
The storyboard was first constructed in text form
before we transformed it visually.

The most voted ideas were put together, and we
had another round of voting where each researcher
was given a pink dot, and the team leader was
given three purple dots on the web-based board
(Miro).
The text and visual version of the storyboard was
constructed as a group and through discussions on
the web-based board (Miro) and Microsoft Teams.

Each of the research members and the App devel- •
oper was assigned roles to ensure the successful
development of the low-fidelity prototype for the •
final day testing process.

On Figma, a prototype development site, the lowfidelity prototype was developed.
Every researcher and the App developer completed
their tasks (ie, content and language check) within
Figma.
Brainstorming of prompts for the testing day was
conducted on Google Sheets among the researchers.
Google sheet also was where a virtual scoreboard
was set up for every researcher to capture the patient’s evaluation of the prototype.

Stage 4: prototype development
•

To build ideas for a lowfidelity prototype

•

•
•

Stage 5: test low-fidelity prototype
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qualitative method
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Process
•
•

Adaptations for web-based delivery of the workshop

We tested the solutions to 5 patients using a con- •
current think-aloud process.
We gathered verbal and visual feedback about
the low-fidelity prototype from the patients,
which we will use to build a high-fidelity proto- •
type.

•

•

•
•

Interviews were conducted through Microsoft
Teams by a moderator, HS, with a patient observed
by other researchers (whose video and audio function was turned off).
HS and each patient could see each other for an
ice-breaking session at the start of the testing session. This session was essential to create rapport
and to ensure the patient’s readiness, mentally and
technically.
The patient was then given a link to the prototype
where they browsed through the prototype, gave
comments and answered prompted questions. The
patient’s screen was shared within the MS Team.
The observers synchronously collected the patients’
replies on the utility and usability prompts about
the prototype during the interview on the virtual
scoreboard and the observer’s field notes.
The moderator had accessed to the scoreboard and
would be able to pick up any point which needed
further clarification.
The interviews were audio recorded, and browsing
activities were video recorded.

The web-based workshop discussions were conducted on a web
conference platform (Microsoft Teams), and brainstorming of
the idea was conducted on a web-based board (Miro). While
conducting the exercise on the web-based board, the workshop
participants remained connected to the web conference site to
allow ongoing discussion. The web-based board was superseded
by a prototype development (Figma) site in stages 4 and 5,
whereas discussions remained on Microsoft Teams. The app
developer supported information technology activities. Two
weeks before the workshop, one of the researchers contacted
each of the participants (patients and HCPs) to assess technical
skills such as the ability to log on, use a meeting platform, and
logistic issues such as the quality of the internet connection.

of the COVID-19 pandemic; an additional advantage was that
it allowed participants from different locations and time zones
to participate.

Setting

Stakeholder Discussion (Stage 1)

The workshop, which took place between June 22 and 26, 2020,
was conducted through a secure web-based meeting platform
using a virtual whiteboard to facilitate information sharing
between the researchers and app developers. Our original plan
for a face-to-face workshop was changed to a web-based format
to overcome the restriction of the order of movement because

A total of 3 patients and 2 HCPs who cared for asthma in the
primary care settings, 2 app developers, 4 researchers from
Universiti Putra Malaysia, and 1 from the University of
Edinburgh were involved in the stakeholder discussion in stage
1 (Table 2).

The patients were from 2 urban public primary care clinics in
central Malaysia. Asthma is managed in primary care clinics,
although chronic and acute care management through the
provision of an asthma action plan to support asthma
self-management is uncommon. Malaysia has a dual health
system, public and private, where the public health system
provides the leading service for the population with copayment
of Ringgit Malaysia, RM 1 (US $0.23) per visit.

Samples and Recruitment

Table 2. Summary of the stakeholders involved in each stage.
Stakeholder

a

Stage
1

2

3

4

5

1. Researchers

✓a

✓

✓

✓

✓

2. Patients

✓

3. Health care professionals

✓

4. App developers

✓

✓

✓

✓

✓

✓

Stakeholder present.

Testing of the Prototype (Stage 5)
Five patients, recruited from the Klang Asthma Cohort,
participated in testing the prototype at stage 5 (Table 2). The
https://www.jmir.org/2021/9/e26434
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Klang Asthma Cohort database is one of the research outputs
of RESPIRE (National Institute for Health Research Global
Health Research Unit on Respiratory Health) in Malaysia. The
database contains 1280 people with asthma recruited from
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primary health care clinics in the Klang district. They provided
consent to be called with invitations to participate in
asthma-related research. Inclusion criteria for patients invited
for this study were physician-diagnosed asthma, aged >18 years,
smartphone user, limited health literacy, and were assessed by
screening using the Bahasa Malaysia language version of the
Health Literacy-Q47 scale [30]. The initial Health Literacy-Q47
scale [31] was translated and validated in Malaysia with a
Cronbach α=.96 [30].

Data Collection
Demographic information was collected from the database of
patients who agreed to participate. Stakeholders’ discussions
in stage 1 focused on challenges by patients and HCPs around
(1) asthma education, (2) asthma self-management, (3)
monitoring of symptoms, (4) emotional support or lifestyle
advice, (5) social support, and (6) clinic set up (Multimedia
Appendix 1).
In stage 5, we tested the prototype with 5 patients to assess its
utility and usability using a set of semistructured questions in
a concurrent think-aloud manner (Multimedia Appendix 2).
During this session, HS, the main interviewer, guided the
process. Four other researchers, PYL, SSG, ATC, and JW,
observed the interview while the 2 app developers, Aidil Goh
and Muhammad Marzuqi, managed the technical aspects of the
sessions. The interviews took 1 hour and were conducted in
Bahasa Malaysia, the patients’ preferred language.
Qualitative interviews were audio recorded, other web-based
discussions and browsing activities were video recorded, and

web-based board exercises were captured and archived as
described in Table 1. All interviews were transcribed verbatim.

Data Analysis
For this qualitative study, we used thematic analysis to obtain
rich data from the stakeholders’ discussions in stage 1 and the
interviews in stage 5. The texts were analyzed iteratively using
a deductive thematic analysis approach, as outlined by Braun
et al [32]. The deductive thematic analysis seeks to answer the
researcher’s theory or analytical interest within the topic [32].
Phases in the thematic analysis included [32] (1) familiarization
with the data by reading and rereading and noting down initial
ideas (memoing), (2) duplicate coding (HS and JW) of one
interview and comparing decisions to agree on standardizing
the coding framework before coding all the transcripts, (3)
discussing emerging themes with the research team, (4)
reviewing themes with the wider research team and generating
a map of the analysis (HP, SSG, PYL, ATC, or IY), (5) defining
themes iteratively, and (6) presenting the deductive analysis
with a selection of extracts. The data were organized using
NVivo 11 (QSR International) qualitative data analysis software
(HP and IY).

Results
Participants’ Characteristics
Five patients (including 3 who attended stage 1) attended stage
5 (prototype testing). Table 3 summarizes the demographics of
the patients involved in stage 5.

Table 3. Patients’ demographic involved in stage 5.

a

ID

Age (years)

Gender

Education level Health literacy scorea

Use of pictorial asthma action plan at 6 months

Access to a digital device

P1

44

Female

Secondary

30

Yes

Smartphone and PC

P2

36

Male

Tertiary

32

No

Smartphone

P3

40

Female

Tertiary

17

Yes

Smartphone and PC

P4

38

Male

Tertiary

21

No

Smartphone

P5

19

Male

Secondary

31

No

Smartphone and PC

Score less than 33 is considered as limited health literacy.

The Outcomes of Each Stage
Stage 1: Understanding and Mapping Problems
Overall, 3 patients and 2 HCPs (a family physician and a
medical officer from Klang district) contributed to the
stakeholder’s discussion. The stakeholder discussion themes
were categorized as relating to individuals, family and friends,
society, and systems (Multimedia Appendix 3). The key problem
used to inform the app design was education sources for asthma
and support in the community, enabling self-management using
pictorial action plans, reminders for medications, and asthma
reviews or appointments. The log of history of asthma control,
preventer intake, and information on expected best peak
expiratory flow rate were features that could support patients
during asthma review or appointment to discuss with their HCPs.
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Stage 2-4: Sketching, Designing, and Developing the
Prototype
Informed by the stakeholder discussion and findings of our
previous qualitative study, we worked through the stages of
sketching solutions and designed and developed the prototype
(Multimedia Appendix 4). Through a round of voting in stage
3, solutions supporting self-management based on
evidence-based practice were selected [3]. All winning solutions
were clustered around four aspects of care: (1) education, (2)
supporting self-management, (3) supporting behavior change,
and (4) social support (Table 4). We created a storyboard for
the prototype, and we developed the prototype app based on
the storyboard, which was then tested in stage 5.
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Table 4. Asthma App content and design features.
Main theme and section

Content

Features

Education
About asthma, its
•
symptoms and diagnosis; asthma medications

Information in text and videos about asthma, symptoms,
•
triggers, how the diagnosis is made, exacerbations and myths
around asthma attack. Other information includes types of
medications used to treat asthma, its function, and potential
side-effects of the medications. There will be video-based
instructions on the inhaler technique.

The links to the Ministry of Health portal on
asthma was provided under specific headings
to facilitate the search for reliable information.

Supporting self-management
Self-monitoring of
symptoms

•

Patients indicate any experience of asthma symptoms in the
last 24 hours, which will translate into control and prompts
to check the action plan.

•

Tick-box list of potential asthma symptoms;
ticking any one symptom will prompt a popup on advice to look at an action plan with a
click button.

Asthma action plan

•

A pictorial asthma action plan was used. Illustrations and
wordings were validated in a series of discussions with
stakeholders.

•

List of zones are displayed, and patient choose
which zone are appropriate for them.

Supporting behavior change
Asthma medication and •
appointment reminder

Asthma diary

•

Patients provide information about medications and appoint- •
ments which will trigger a reminder system at the timing of
choice.
Asthma control and medication uptake will be recorded in

•

Monthly calendar, which displays asthma
control and adherence

•

Display of scale of points achieved for good
asthma control and adherence

the diary, including best PEFRa.
Reward system

Matrix of images of medications used and
drop-down menu for frequency and timing

•

Achieving good asthma control and medication adherence
will be translated into points.

•

Information regarding support groups for asthma in Malaysia •

Others
Social support

a

The links to various support groups available
in Malaysia

PEFR: peak expiratory flow rate.

The entire process is illustrated in Figure 1, and the decisions
on the prototype content are summarized in Table 4. The app
was written in the Malay language.

https://www.jmir.org/2021/9/e26434

XSL• FO
RenderX

J Med Internet Res 2021 | vol. 23 | iss. 9 | e26434 | p.229
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Salim et al

Figure 1. The Design Sprint process was undertaken on the web-based discussion board and meeting platform.

Stage 5: Testing Low-Fidelity Prototype
Patients who attended stage 1, along with 2 other patients,
attended stage 5. Results are presented under the 2 main themes
of utility (ie, app influence or support self-management) and
usability (ease of use).
Utility
Patients commented that the app influenced the decision to
self-manage in four ways: offering information, providing an
https://www.jmir.org/2021/9/e26434
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accessible asthma action plan, motivating and supporting
improved medication adherence, and promoting behavior change
through a reward system.
Offering Information
Patients considered that the app provided essential information
regarding asthma and how to manage it. P4 explained, “the
information about asthma in the App is interesting and
informative.” Although many were comfortable reading
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text-based information, some preferred audio-visual formats
such as videos. P5 explained, “the information about asthma,
maybe it can be in the video, it’s more interesting than just text.”
Providing Accessible Asthma Action Plans
Patients felt that having an action plan on the phone made the
plan accessible when needed. As P1 described, “when you need
the plan, you just open the App in your phone and click on the
plan [action], to see it.” In this format, patients considered it
easier to access and use the app-based plan than the paper-based
action plan, which they may not carry unless they attend medical
appointments.
Motivating and Supporting Improved Medication Adherence
The medication reminder function of the app was viewed as a
good support for achieving good adherence to daily preventers.
P5 stated, “It will be difficult not to remember taking the
medications because of the reminder, and because I use the
phone frequently, it is hard to ignore the reminder (chuckled).”
Promoting Behavior Change Through a Reward System
The app was designed to encourage behavior change through a
positive reward system, where good asthma control and
adherence to twice daily preventive inhalers would be awarded
points, and the cumulative points were visualized clearly.
Patients liked this approach. P1 was incredibly excited to see
the reward points on the app: “wow, there is a reward points,
this is great!” This excitement was shared with other patients
who preferred to see the tangible results of their actions. P3
elaborated on how the reward system could influence behavior:
That’s nice when I get points for taking the
medications. I do want to see that I accumulate points
and the scale moved further. And I can only do this
if my control is good and if I take my medications.
Usability
The patients could easily comprehend the information and
instructions in the app. P2 elaborated on how he achieved this:
“the instructions are accompanied with illustrations. It makes
it easier to understand it.” Although patients liked the use of
illustrations and fewer words, the small font size used was
challenging for some. P1 said:
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[The] writing is small. I tried to put on my glasses, I
still can’t see it (chuckled).
We used cartoon-based illustrations of the medications and in
the steps of the asthma action plan. Some studies have suggested
that the pictorial asthma action plan may be useful for patients
with asthma other than adults. P3 suggested:
I think the illustrated plan can be appealing and
useful for children and their carer. It’s very easy to
understand.
Patients pointed out that a lack of navigational symbols meant
that it was not always clear how to move from one interface to
another. P4 stated his confusion:
There is no sign or indication on what to do next. I
was a bit lost on what should I do now. Perhaps an
arrow would help to tell that I can move forward.
Otherwise, patients were mostly satisfied with the simple layout.
P1 gave an example of this:
In terms of the layout, it’s quite easy to navigate
around the App. It’s ok for me.
The time spent using the app varied between 10 and 45 minutes.
Some (younger) patients seemed comfortable navigating from
one interface to the other and were keen to click buttons to
explore the app functions. In contrast, others were dependent
on symbols or prompted to navigate, which the app lacked at
the testing stage.
The language used in the app was generally satisfactory,
although there was a linguistic misunderstanding of
breathlessness and wheeze in the Bahasa Malaysia language.
P4 described his confusion on the Bahasa Malaysia words for
breathlessness and wheeze:
Mengalami sesak nafas (breathlessness) and lelah
(wheezing), are different? I thought it’s the same
thing?
After the Workshop
The design was refined and finalized after testing in stage 5
(Figure 2).
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Figure 2. The finalized app design.

Discussion
Principal Findings
We conducted a design sprint workshop and employed a
web-based format to ensure the safety of researchers and patients
during the global pandemic. In this 5-stage workshop, we
developed a low-fidelity prototype based on theoretical
frameworks and refined it based on patient feedback during the
design and testing stages. Patients described the resultant app
to influence their ability to self-manage in four ways: offering
information, providing accessible asthma action plans,
motivating and supporting improved medication adherence, and
promoting behavior change through a reward system. Specific
usability issues were related to navigation, comprehension, and
layout.

Strengths and Limitations
The involvement of stakeholders and the multidisciplinary
approach at the development stage in the design sprint process
are among the strengths of this study, which may increase the
chances of the intervention meeting the needs of the target
population. The 5-stage design sprint structure allowed the
development and testing process to be performed quickly and
efficiently at a low cost, which would likely be favorable in
low-resource settings. Constructing a low-fidelity prototype
https://www.jmir.org/2021/9/e26434
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offers many advantages in the initial stages of prototype
development. It allows a quick gathering of requirements, ideas,
and concepts and can be built rapidly [29]. The disadvantage
was that the low-fidelity prototype lacked some core
functionality (such as navigation features), so that the patients
on day 5 gave feedback on a limited version of the app.
Nevertheless, the feedback was beneficial and enabled the app
to be refined after the workshop to produce a high-fidelity
prototype.
The web-based approach connected people in different
geographical locations and ensured safety during the global
pandemic. We recognized that we do not have any participants
aged >50 years, perhaps because this approach may be more
appealing to younger age groups, although with limited health
literacy, and it may not reflect the feasibility of using web-based
methods for older age groups. We overcame limited internet
access by providing an internet data voucher; however, we had
to exclude those with no access to any digital devices. We
provided training on the various platforms to be used in the
workshop, thus overcoming the lack of digital skills. These
strategies may assure researchers or intervention developers
working in countries or settings with high levels of limited
health literacy that this web-based methodology is of value.
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The pandemic context may have explained the relatively small
number of participants recruited during the testing stage. Some
participants found it challenging to commit uninterrupted time
to a web-based workshop while being locked down at home
with their domestic or caring or home-schooling responsibilities.
For comparison, face-to-face intervention design workshops
have been reported with 14 participants in 5-day workshops
[33] and 38 participants over 6 weeks [34].

Adaptation of the Design Sprint Workshop to a
Web-Based Format
Patients with asthma and HCPs were recruited for a workshop
in March 2020, but this could not occur because of the
compulsory lockdown imposed by the local authorities in
response to the COVID-19 pandemic. Therefore, we adapted
the workshop to the challenges of a web-based format and its
potential impact on participants’ research experience [35]. A
high-speed internet connection and technical skills in conducting
this workshop were vital. To overcome some of these practical
issues, we supported all participants with mobile web-based
access through an RM 10 (US $2.42) internet data voucher to
ensure that the participants would not bear the cost of internet
access. Participants’ experience with technologies was around
social media, that is Facebook, video call, that is, WhatsApp,
and information searching platforms, that is, Google and
YouTube. We found a lack of experience with
videoconferencing platforms and the software we planned to
use during the testing day. Thus, we conducted training sessions
for all participants to avoid technical problems during the
workshop.
In the context of interviews, the literature suggests that
web-based data collection can produce data of similar quality
to face-to-face interviews [35]. Although using a web-based
platform to interview patients was a new experience for the
researchers, we found that the web-based programs eased
discussions, and interviews took place quickly and effectively.
Compared with traditional qualitative interviews, one advantage
was that other researchers could observe the interview sessions
on the web-based platform, and they could make concurrent
fieldnotes. From the patient’s feedback, although they knew
they were being observed by additional researchers, being at
their own home helped them forget about being observed and
anxious.
In web-based discussions and interviews, dictation software has
been used to capture audio data in text format, thereby avoiding
transcription errors [36,37]. However, this was not possible in
our context because the medium of interaction was the Bahasa
Malaysia language, and the extensive use of colloquial language
made it impossible to use any dictation software. Conducting
research on the web raises concerns about participants’
confidentiality and data security. We ensured that entry to the
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workshop was password-protected to control access to maintain
the participant’s confidentiality securely. The recordings were
stored in a secure manner. For example, files from the workshop
were encrypted and stored in a secure research data storage
facility.

Web-Based Design Workshop and the Context of
Limited Health Literacy in a Low-to-Middle–Income
Country
Our app focused on designing a pictorial asthma action plan as
a core strand of tailoring supported self-management for people
with limited health literacy. Other features were a simple
language for symptom assessment, education and information
resources, provision of visual and audio medication reminders,
and practical behavior change strategies such as a reward
system. A clear message from our previous qualitative work
was that participants wanted an interactive approach to support
an asthma action plan with few words and clear pictures. Our
original plan was to provide a paper-based pictorial action plan,
but as it is not interactive, we reconsidered potential formats
and decided to deliver the pictorial asthma action plan using a
mobile app. Using a mobile app was seen as promoting a sense
of autonomy to feel empowered in managing asthma.
Although previous reviews have reported a lack of interest in
action plans [21], others have reported on the keenness of people
to use action plans in mobile apps [38], although none have
explored plans tailored for people with limited health literacy
or the innovative pictorial representation of actions in a mobile
app. In the United States, a study found that action plans were
written at the literacy level of sixth-grade (11- to 12-year-olds),
which will be a challenge to those without formal education or
only receiving primary school education [39]. The same study
also found that more graphics within an action plan may be
needed to increase the ease of use [39]. In our web-based design
workshop, the extensive use of images, icons, and the use of
simple language were among the strategies used to overcome
the challenge of understanding a written asthma action plan.

Recommendations for Practice, Policy, and Research
We outlined recommendations for practice, policy, and research
based on this study in Textbox 1. On a practical level, to help
researchers’ concentration throughout the 5 days of the 7-hour
workshops, we included frequent breaks and provided
high-energy snacks. Each session was either 1 hour long with
a 15-minute break or 45 minutes long with a 10-minute break.
Committing to time in a workshop alone in front of the monitor
can be challenging and mentally draining, so a week before the
workshop, each researcher received a supply of high-energy
snacks through the post. We also provided colored sticky
notepads and permanent markers with similar tip sizes to ensure
that all scanned sketches and writings were clear when uploaded
on the web-based discussion board.
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Textbox 1. Recommendations for practice, policy, and research.
Practice
•

Although some participants only join the workshop for short periods, researchers and technical colleagues have to concentrate on the web for
long periods. Adequate breaks, attention to nutrition, and general comfort are essential.

•

The web-based platforms may be unfamiliar to many participants; training before the workshop gives confidence and helps reduce technical
problems on the day.

•

Owing to the relatively low cost and a short time spent from development to testing, the web-based design sprint methodology may be suitable
for low-resource settings.

•

Remote conduct ensured that high-risk stakeholders were shielded during a pandemic and overcame geographical barriers.

Policy
•

The process is a sprint so that the end product can be developed to a short timescale to meet pressing deadlines.

Research
•

The feasibility study of conducting a more extensive scale web-based intervention design program is necessary to ensure its practicality.

Conclusions
Working with people with limited health literacy enabled the
development of an app that could support them in self-managing
their asthma. Specific components included sources of
information on asthma, pictorial asthma action plan, simple

language, audio-visual prompts, and rewards for supporting
adherence to daily therapy and scheduled reviews. Despite
practical challenges, a 5-day web-based design workshop proved
to be manageable, enabling meaningful engagement from
patients and HCPs so that a prototype is now ready for feasibility
testing.
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Abstract
Background: Tobacco smoking is one of the biggest public health threats. Smartphone apps offer new promising opportunities
for supporting smoking cessation in real time. This randomized controlled trial investigated the effectiveness of an app that
encourages individuals to quit smoking with the help of a social network member (buddy) in daily life.
Objective: The objective of this study is to test the effectiveness of the SmokeFree buddy app compared with a control group
with self-reported smoking abstinence and carbon monoxide (CO)–verified smoking abstinence as primary outcomes and
self-reports of smoked cigarettes per day (CPD) as a secondary outcome.
Methods: A total of 162 adults who smoked participated in this single-blind, two-arm, parallel-group, intensive longitudinal
randomized controlled trial. Around a self-set quit date (ie, 7 days before the self-set quit date and 20 days after) and 6 months
later, participants of the intervention and control groups reported on daily smoking abstinence and CPD in end-of-day diaries.
Daily smoking abstinence was verified via daily exhaled CO assessments. This assessment was administered via an app displaying
results of exhaled CO, thus addressing self-monitoring in both groups. In addition, participants in the intervention group used
the SmokeFree buddy app, a multicomponent app that facilitates social support from a buddy of choice.
Results: A significant reduction in CPD from baseline to the 6-month follow-up was observed among participants in both
groups. Multilevel analyses revealed no significant intervention effect on self-reported and CO-verified daily smoking abstinence
at the quit date and 3 weeks later. However, CPD was lower at the quit date and 3 weeks later in the intervention group than in
the control group. No significant differences between groups were found for any outcome measures 6 months after the quit date.
Overall, low app engagement and low perceived usefulness were observed.
Conclusions: Despite some encouraging short-term findings on the amount of smoking, the SmokeFree buddy app did not have
beneficial effects on smoking abstinence over and above the self-monitoring control condition. Future studies should examine
whether and what support processes can be effectively stimulated and how app use can be improved to better achieve this goal.
Trial Registration: ISRCTN Registry 11154315; https://www.isrctn.com/ISRCTN11154315
International Registered Report Identifier (IRRID): RR2-10.1186/s12889-019-7723-z
(J Med Internet Res 2021;23(9):e27162) doi:10.2196/27162
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mHealth; smartphone app; smoking cessation; buddy; social support; mobile phone
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Introduction
Background
Smoking kills more than 8 million people each year and remains
one of the leading preventable causes of premature death
worldwide [1,2]. Cigarette smoking is a major risk factor for
life-threatening diseases such as lung cancer, coronary heart
disease, and stroke and other noncommunicable diseases [2].
Despite the evidence that quitting smoking is associated with
rapid improvements in health and reduced risk for
noncommunicable diseases, in 2017, every fourth person aged
15 years and older smoked in Switzerland [3]. The high relapse
rates indicate that quitting is difficult [4]. Various
socioenvironmental stimuli associated with smoking may lead
to high-risk situations for relapse, even long after quitting [5].
Strengthening the capability to manage such high-risk situations
(eg, cue-induced cravings) is crucial for smoking cessation
interventions [6,7]. The use of mobile health technologies (eg,
smartphone apps) offers promising opportunities for smoking
cessation interventions in everyday life, with the potential to
deliver support in situations when it is most needed [8,9].

Smartphone Apps to Promote Smoking Cessation
In Switzerland, 92% of adults owned a smartphone in 2018
[10]. Considering this high prevalence of smartphone use,
delivering smoking cessation interventions using smartphone
apps is a promising approach. With the widespread reach and
proximity to the user, interventions are accessible in everyday
life [11]. The location and time independence may reduce
perceived barriers to treatment (eg, transportation, time, and
cost) and make potential engagement convenient [11,12].
Furthermore, apps can provide interactive and tailored
intervention features as well as an interactive platform to allow
instant sharing of experiences and resources (eg, social support)
[11,12]. All these factors contribute to the cost-effectiveness of
smoking cessation app interventions [11].
Considering the potential of app interventions, existing apps
predominantly provide simple tools (eg, calculators, calendars,
trackers, or distractors) [13,14]. The majority of available apps
had very little evidence-based content to support quit attempts,
such that in 55% of the apps, no behavior change techniques
(BCTs) [15] were present [16]. In addition to the content of the
smoking cessation app, their effectiveness is less clear. In the
context of text messaging interventions for smoking cessation,
research has found that such interventions are effective in
improving smoking cessation rates and reducing health service
costs [17-19]. In contrast, despite the wide availability of
smoking cessation apps and the rapid release of new apps [13],
only a few studies have tested their effectiveness [17]. For
instance, a smartphone decision aid app including behavioral
support was compared with a simpler information-only app in
a randomized controlled trial (RCT) across different countries
[20]. The decision aid app significantly increased continuous
smoking abstinence at 1, 3, and 6 months after quitting [20]. A
recent review of five studies that tested the effectiveness of
smoking cessation apps showed no clear evidence for increasing
quit rates [17]. There is a lack of scientific evidence on the
effectiveness of smoking cessation apps. We echo the conclusion
https://www.jmir.org/2021/9/e27162
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of the authors that more RCTs with long-term follow-ups (at
least 6 months; Russell Standard [21]) are needed to provide
evidence on the effectiveness of smoking cessation apps [17].
Therefore, this RCT tests the effectiveness of the SmokeFree
buddy app, which was part of the SmokeFree campaign of the
Federal Office of Public Health in Switzerland. It is a
multicomponent app that, in particular, aims to facilitate social
support from a buddy of one’s own social network.
App features that connect individuals who smoke with health
care workers, smokers and ex-smokers, or persons from their
own social network to foster social support resources are
promising [5]. Social support is conceptualized as coping
assistance, that is, the supporters’ engagement in coping efforts
through the provision of emotional help (eg, demonstration of
understanding and valuing) and practical assistance (eg, advice
and informational and instrumental support) [22]. Social support
may help individuals cope with high-risk situations for smoking
(eg, cue-induced cravings) or buffering stress while quitting
[9,23]. Research shows that face-to-face individual counseling,
group therapy, and telephone counseling that convey social
support (eg, practical assistance by identifying high-risk
situations or emotional help by encouragement) were found to
be effective for smoking cessation [24-26]. Partner or peer
support interventions, however, did not show clear effectiveness
in smoking cessation [9,27]. These intervention approaches are
very diverse, and one explanation is that these partner or peer
interventions were not successful in increasing social support
in the first place [27]. Furthermore, research shows that support
receipt might have null or negative effects on recipients
depending on the timing, content, and way how support is
provided [28]. More evidence regarding partner or peer support
interventions is needed [9,27,29]. Apps provide promising
potential to enhance partner or peer support resources and
availability during actual experiences in people’s everyday lives
[30]. Content analyses of smoking cessation apps, however,
have found that apps rarely reference users outside of the app
to a quit helpline or provide opportunities to reach out for social
support [13]. Only 2.7% (6/225) of rated Android smoking
cessation apps had content regarding social support [14]. This
RCT tested the SmokeFree buddy app that fosters support
resources from a buddy of choice. This app offers theory-based
instructions for the buddy on how to support individuals who
smoke during a quit attempt. The instructions may positively
influence the quality of support, and the accessibility of the app
is important for the ideal timing of support exchanges (ie, when
it is most needed). In addition, individuals who smoke rely on
persons from their own personal social network rather than on
unacquainted buddies. This may influence the tailoring of
support exchanges because a buddy of choice should know the
target person and their needs better than a stranger [31].

Aims of This Study
Given the research gaps outlined above, this study aims to test
the effectiveness of the SmokeFree buddy app in daily life. The
SmokeFree buddy app was developed by the Federal Office of
Public Health in Switzerland in collaboration with the Institute
of Global Health of the University of Geneva, Switzerland. The
app is designed to be used simultaneously by an individual who
smokes and a personal buddy of choice. In brief, a chat function
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is the direct communication channel for all text messages and
connects the individual who smokes and the personal buddy.
The individual who smokes can, for example, indicate the
current mood state and intensity and can use notification buttons
such as sending an emergency message, communicating craving
to smoke, or communicating a lapse. The app then informs the
buddy about text messages and notifications and the current
mood or craving and provides them with the option of reacting
immediately, for example, with a supportive message. The app
further provides evidence-informed background information
(eg, how to cope with craving) as well as preset supportive
messages for the buddy, which can be customized or
supplemented with a personal comment. A performance statistic
shows the achievements to date (eg, number of smoke-free
days), and a knowledge base contains information on smoking
and quitting, which is also visible and accessible to the buddy.
For more details about the SmokeFree buddy app, please refer
to the study protocol [32].
This RCT examined whether the SmokeFree buddy app
promotes daily abstinence rates and reduces the number of
cigarettes smoked per day (CPD) in adult participants who
smoke at a self-set quit date, 3 weeks later (end of intervention),
and 6 months later in comparison with a control group (CG)
that did not use the SmokeFree buddy app [32]. We
hypothesized that adult participants in the intervention group
(IG) will show higher daily abstinence rates and lower CPD at
the self-set quit date, 3 weeks later (end of intervention), and 6
months later than those in the CG (hypothesis 1). Furthermore,
our RCT uses intensive longitudinal data to test the app in
participants’ everyday lives, which additionally allows the
analysis of the potential time effects of the intervention.
Therefore, we additionally assumed a higher increase in daily
abstinence rates and a higher decrease in CPD over time in the
IG than in the CG (hypothesis 2). The hypotheses were
prospectively registered (ISRCTN 11154315). The primary
outcome measures were daily self-reported smoking abstinence
and daily smoking abstinence using exhaled carbon monoxide
(CO) [32]. This RCT assessed smoking abstinence objectively
on a daily basis with the iCO Smokerlyzer (Bedfont Scientific
Ltd [33]), a CO-monitoring device. The secondary outcome
measure was self-reports of smoked CPD [32].

Methods
Overview
We conducted a single-blind, two-arm, parallel-group, intensive
longitudinal RCT smoking cessation with smartphone apps (for
a detailed description, please see the study protocol [32]). The
trial consisted of a baseline diary (3 consecutive days), a
background assessment, a challenge diary from 7 days before
the self-set quit date until 20 days after the self-set quit date (28
consecutive days), and a follow-up diary 6 months after the
self-set quit date (3 consecutive days). Participants were
randomly allocated to the intervention (SmokeFree buddy app)
or control condition (no SmokeFree buddy app). This trial was
approved by the Ethics Committee of the Faculty of Arts and
Social Sciences of the University of Zurich (reference number:
17.12.13) and was prospectively registered (ISRCTN11154315).
https://www.jmir.org/2021/9/e27162
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Participants and Procedures
Participants were adults who smoked at least one cigarette per
day, intended to quit smoking during the study, and owned a
smartphone with access to mobile internet. The exclusion criteria
were insufficient knowledge of the German language, working
in 24-hour shifts, use of a smoking cessation app, or
participation in a professional smoking cessation program.
Participants were recruited via advertisements in newspapers,
web-based platforms, webpages, and flyers at the university,
medical facilities, and local companies from April 2018 to
August 2019 in Switzerland. The eligibility criteria were
assessed using a web-based screening questionnaire. Participants
started with a web-based end-of-day diary questionnaire for 3
consecutive days (baseline diary). After completion, participants
were invited to the lab for a background assessment. The
interviewer conducting the background assessment randomly
assigned participants to one of the two groups (IG and CG),
according to a computer-generated allocation sequence that was
concealed in a set of sealed, numbered envelopes. Participants
were blinded to the group assignment (ie, single-blind RCT;
for the detailed randomization procedure, refer to the study
protocol [32]). At the background assessment, all participants
provided written informed consent, completed a questionnaire,
and were asked to self-set a quit date (BCT goal setting of
behavior [15]) within the next 6 weeks. The self-set quit date
determined the start of the 28-day diary period (challenge diary),
starting 7 days before their self-set quit date. Furthermore, all
participants received a personal iCO Smokerlyzer and
instructions on how to use it with the corresponding app to
measure the exhaled CO daily. The first measurement of CO
with the iCO Smokerlyzer was conducted at the background
assessment. All participants were instructed to fill out an
end-of-day diary (daily text message with link to questionnaire)
and to measure the exhaled CO daily using the personal iCO
Smokerlyzer for 28 consecutive days during the challenge diary
phase (7 days before the self-set quit date, on the self-set quit
date until 20 days after the self-set quit date). Six months after
the self-set quit date, participants in the CG and IG were asked
to participate in the follow-up diary phase, with end-of-day
diaries and daily measures of exhaled CO using the personal
iCO Smokerlyzer for 3 consecutive days. As an incentive for
study participation, all adults who smoke received a personal
iCO Smokerlyzer with a value of CHF 60 (US $63).
Furthermore, with completion of the 6-month follow-up,
participants were given entry into a lottery with a main prize of
CHF 200 (US $209) and 40 prizes with a value of CHF 50 (US
$52) shopping vouchers. Buddy participants were reimbursed
with CHF 50 (US $52) at the completion of the study. On the
basis of a power of 0.80 and a two-tailed type 1 error probability
of P=.05, an a priori power analysis yielded a sample size of
128 to detect a 24% difference in smoking abstinence for the
IG compared with the CG, drawing on meta-analyses of mobile
phone interventions on short- and long-term smoking abstinence
(rate ratios [RRs] between 1.7 and 2.1 [34,35]). Assuming an
attrition rate of 25%, 6 months after the quit date resulted in a
total sample size of 160 participants (80 participants per group).
For more details, please refer to the study protocol [32].
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Intervention

Secondary Outcome: CPD

As described above, participants in the CG and IG set a self-set
quit date and were instructed to fill out the end-of-day diaries
and to measure exhaled CO with the iCO Smokerlyzer during
the challenge diary phase. The CO Smokerlyzer app displayed
participants’ CO results and progress with smoking cessation
and thus addressed the BCTs feedback on behavior and
self-monitoring of behavior [15]. Only the IG participants were
additionally introduced to the SmokeFree buddy app.
Participants in the IG were instructed to identify a personal
buddy of choice and to use the SmokeFree buddy app during
the challenge diary phase (starting 7 days before the self-set
quit date). The SmokeFree buddy app is available for free in
the App Store and Google Play Store (version 4.0). The app
comprises the following BCTs: social support (emotional),
social support (practical), social reward, feedback on behavior,
self-monitoring of behavior, others monitoring with awareness,
discrepancy between current behavior and goal standard,
nonspecific reward, and information about health consequences
[15]. The buddy had to be a nonsmoker for at least 6 months,
owning a smartphone with access to mobile internet. The
exclusion criteria for the buddy were insufficient knowledge of
the German language and working in 24-hour shifts. The buddy
also provided informed consent and received a background
questionnaire with instructions regarding the SmokeFree buddy
app. The buddy participants were also instructed to fill out an
end-of-day diary and to use the SmokeFree buddy app during
the challenge diary phase (for 28 consecutive days) to interact
with the participant who smoked. No recommendations
regarding timing, frequency, and intensity of use were provided
to participants who smoked and their buddies.

If participants answered the smoking abstinence measure with
yes (=today smoked), they were asked to report the number of
cigarettes they had smoked that day. Otherwise, the daily
number of cigarettes smoked was coded as 0 [37].

Covariates
The daily use of nicotine replacement products (NRPs) and a
variable denoting whether days were weekdays or weekends
were included as covariates in the sensitivity analyses. Research
shows that using NRPs increases the probability of smoking
cessation success [40], and smoking behavior has been shown
to differ during weekends [41], which might be related to trigger
exposure. NRPs were not provided to participants; however,
the SmokeFree buddy app (ie, the knowledge base feature)
incorporated encouragement to use NRPs for smoking cessation.
Participants indicated in the daily diary whether they used NRPs
or not by answering the question “Did you use nicotine
replacement products today (eg, nicotine gum, nicotine patch,
medications as for example Champix, etc)?” (0=no and 1=yes).
Furthermore, with each timestamp of the daily diary, a variable
was calculated, whether it was a weekend or not (0=no weekend
and 1=weekend).

Data Analysis
Intention to Treat

Measures

In line with the outcome criteria recommended for smoking
cessation trials (Russell Standard [21]), our final models
included all randomized subjects (intention to treat). Participants
who were lost to the challenge or follow-up diary phase were
treated as smoking for the analyses, with the primary outcome
variables of daily abstinence (0=not abstinent and 1=abstinent).

Primary Outcome: Daily Smoking Abstinence
(Self-reported and CO Verified)

Analysis of the Intervention Effect at the Quit Date and
End of the Intervention

Participants indicated in a daily evening diary questionnaire
whether they smoked that day or not by answering the question,
“Did you smoke today (including only one puff)?” (coded as
0=yes and 1=no) [36,37]. To objectively assess smoking
abstinence, participants were instructed each evening to assess
exhaled CO with their personal iCO Smokerlyzer. The iCO
Smokerlyzer is a CO-monitoring device that is used with a
corresponding Smokerlyzer app [33]. At the end of the
end-of-day diary questionnaire, participants were instructed to
take a CO measurement with their personal iCO Smokerlyzer
and the corresponding app. The Smokerlyzer app displayed the
test values in parts per million (ppm) and automatically
generated a result report. Participants were instructed to send
their result report directly from the app via email to the study
team and to report the ppm value in the end-of-day diary. The
iCO Smokerlyzer test values were categorized as 1 for abstinent
(0-6 ppm) and as 0 for not abstinent (>6 ppm) [33,38]. A recent
study points to comparable results between the iCO Smokerlyzer
and the more studied piCO+ Smokerlyzer, which has been shown
to validly distinguish between smokers and nonsmokers [38,39].

To account for the nested structure of repeated measures within
individuals, multilevel modeling was used [42]. To examine
the intervention effect on the two dichotomous primary outcome
measures, we ran logistic regressions using generalized linear
mixed models (GLMMs). The continuous outcome measure,
CPD, was a count variable that was highly skewed with a large
number of zeroes. Therefore, we applied a GLMM for count
outcomes using a negative binomial distribution with a
logarithmic link function [43]. Owing to the logarithmic link
function, regression coefficients are on a log scale and
interpreted as RRs. The distance to an RR of 1 is interpreted as
the percentage increase (above one) or decrease (below one) in
the outcome for a one-unit increase in the predictor [44]. The
specified multilevel models use all available diary entries using
maximum likelihood estimations [42]. All analyses were
conducted using SPSS 26.
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To test our research question and corresponding hypotheses,
all outcome measures were modeled as a function of time, group
(coded as 0=CG and 1=IG; hypothesis 1), and group by time
(hypothesis 2). For this purpose, a linear time variable for the
28 consecutive days of the challenge diary was created (in 1-day
units). To test group differences at the quit date and 3 weeks
later, the time variable was centered accordingly (centered on
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the quit date: day 8=0 or centered on the last day: day 28=0).
An initial graphic display of the data showed a discrete change
in the outcomes at the quit date, indicating two qualitatively
distinct phases before and after. To model this nonlinear
trajectory over time (shift), a dummy-coded variable quit was
computed (coded as 0=quit day and days after the quit date
[days 8-28] and 1=days before the quit date [days 1-7]). To test
group differences in this shift, we included an interaction term
of the quit and the group variable (group by quit). Finally, to
test for differential time effects before and after the quit date,
we generated and added a second time variable reflecting an
interaction between quit and time (ie, quit by time with the
following coding: day 1=−7, day 2=−6, ..., day 7=−1, day 8=0,
day 9=0, day 10=0, etc). No differential time effects of the two
groups before the quit date emerged; therefore, this interaction
was not included in the final model. In all analyses, we routinely
included the grand-mean-centered CPD during the baseline
diary phase as an indicator of nicotine dependence as a
covariate. All models specified a maximal random effects
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structure, which, in the case of nonconvergence, was
successively reduced until convergence was achieved [45].

Analysis of the Intervention Effects at Follow-up
To investigate the intervention effect 6 months after the quit
date, group differences regarding the primary and secondary
outcome measures were examined by conducting independent
samples two-tailed t tests (averaged days 1-3 of the follow-up
diary phase per person). If variances were unequal between the
groups, Welch t test was used. We used a Bonferroni-adjusted
significance level to account for multiple comparisons.

Results
Sample
A total of 284 participants were screened, and 169 (59.5%)
participants who completed the baseline diary were randomized
to the CG (n=84 in total) and IG (n=85 in total; refer to Figure
1 for the participant flow).

Figure 1. Participant flow. BA: background assessment; CG: control group; IG: intervention group.

Overall, 162 randomized participants attended the background
assessment, 81 in the CG and 81 in the IG. Table 1 displays the
background characteristics of the participants in the CG and IG.
https://www.jmir.org/2021/9/e27162
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Participants in the CG and IG did not differ on these variables
at the background assessment (Table 1), proving successful
randomization. The 162 participants had a mean age of 31.3
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(SD 10.9) years and smoked 12.8 CPD (SD 7.1) before study
participation. The majority of the participants were male
(89/162, 54.9%). There were no significant background
differences between groups regarding the intention and the
desire to stop smoking reported at the background assessment
as well as the self-regulation variables such as self-efficacy,
action control, and social support receipt reported during the
baseline diary (Table 1).
Of the 162 participants, 12 (7.4%) did not start with the
challenge diary. By treating the dropout as smoking (intention
to treat), the analyses of the primary outcomes had the maximum
number of available data points (N=162; 3339/4536, 73.61%
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possible data points). Due to technical problems with the iCO
Smokerlyzer, there were additional missing values for the
CO-verified abstinence measure. CO measures were completely
missing for 8 participants (103 missing data points). Additional
missing CO values occurred due to various reasons, such as
iCO Smokerlyzer did not work (57 days), iCO Smokerlyzer or
smartphone forgotten (36 days), no time (5 days), or other
unknown reasons (34 days). Therefore, the analysis of the
CO-verified abstinence measure had 235 additional missing
data points (n=154; 3104/4536, 68.43% possible data points).
Secondary outcome data, CPD, were available for 97% (79/81)
of the participants in the CG and 88% (71/81) of the participants
in the IG (total n=150; 3003/4536, 66.2% possible data points).

Table 1. Baseline characteristics of the target persons in the intervention group and control group (N=162).
Variables

Intervention group (n=81) Control group (n=81) Intervention group vs control P value
groupa

Gender, n (%)

a

0.2 (1)b

.64

Female

35 (43)

38 (47)

Male

46 (57)

43 (53)

Unmarried, n (%)

65 (80)

64 (79)

3.7 (2)b

.16

Higher education, n (%)

32 (40)

38 (47)

2.2 (3)b

.53

Employed, n (%)

35 (43)

41 (51)

3.1 (4)b

.54

Age (years), mean (SD)

31.32 (11.50)

31.32 (10.27)

0.00 (160)c

.99

Daily number of cigarettes (background assessment), 13.07 (7.33)
mean (SD)

12.44 (6.83)

−0.57 (160)c

.57

Nicotine dependence, mean (SD)

3.33 (2.08)

3.56 (2.17)

0.67 (160)c

.51

Exhaled carbon monoxide (ppmd), mean (SD)

9.81 (6.34)

10.65 (9.05)

0.67 (139)c

.50

Intention to stop smoking, mean (SD)

5.40 (0.71)

5.33 (0.77)

−0.58 (160)c

.56

Desire to stop smoking, mean (SD)

5.00 (0.70)

4.95 (0.67)

−0.46 (160)c

.65

Baseline self-efficacye, mean (SD)

2.83 (1.34)

2.72 (1.24)

−0.55 (160)c

.59

Baseline action control, mean (SD)

2.48 (1.06)

2.75 (1.11)

1.54 (160)c

.13

Baseline social support receipt, mean (SD)

1.22 (1.87)

1.56 (1.85)

1.18 (160)c

.24

Groups were compared for baseline characteristics using independent t tests for continuous data and chi-square tests for categorical data.

b

Chi-square (df) values for categorical data.

c

t test (df) values for continuous data.

d

ppm: parts per million.

e

Baseline variables were assessed during the baseline diary phase.

In total, 108 participants completed the follow-up diary phase
(Figure 1). There were no significant differences in terms of
background characteristics between participants who dropped
out of the study and participants with follow-up data (Table S1
in Multimedia Appendix 1). By treating the dropout as smoking
(intention to treat), the analyses regarding the primary outcomes
included the full sample (N=162). Due to missing or not working
iCO Smokerlyzer devices, the CO-verified abstinence measure
was available for 86.4% (140/162) participants. Secondary
outcome data were available for 66.7% (108/162) participants.
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Descriptive Results
Table 2 shows the average CPD during the baseline diary phase
and challenge diary phase and the 3 weeks and 6 months
continuous abstinence rates by groups. The IG had a higher 3
weeks and 6 months continuous abstinence rate than the CG;
however, these differences did not reach significance. For the
CG, dependent t tests indicated a significant decrease in CPD
from the baseline diary to the challenge diary (postquit;
t72=11.29; P<.001; d=2.66) and from the baseline diary to the
follow-up diary (t55=6.14; P<.001; d=1.66). The IG also showed
a significant decrease in CPD from the baseline diary to the
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challenge diary (postquit; t70=13.25; P<.001; d=3.17) and from
the baseline diary to the follow-up diary (t51=6.51; P<.001;
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d=1.82). Figure 2 displays the means of the three outcome
measures over the 28 days of the challenge diary by groups.

Table 2. Average cigarettes per day during the three diary phases and 3 weeks and 6 months continuous abstinence rates for the intervention group
and control group (N=162).
Variables

Intervention group (n=81) Control group (n=81) Intervention group vs control P value
groupa

CPDb baseline diary (N=162), mean (SD)

12.41 (7.50)

11.48 (7.08)

−0.81 (160)c

.42

CPD challenge diary prequit (n=149), mean (SD)

12.31 (7.29)

10.48 (6.15)

−1.67 (147)c

.10

CPD challenge diary postquit (n=144), mean (SD)

1.99 (4.03)

2.51 (3.14)

0.86 (142)c

.39

CPD follow-up diary (n=108), mean (SD)

6.13 (8.17)

4.99 (5.74)

−0.84 (91)c

.40

3 weeks continuous abstinence (ITTd) (N=162), n
(%)

25 (30.9)

19 (23.5)

1.1 (1)e

.19

6 months continuous abstinencef (ITT) (N=162), n
(%)

18 (22.2)

11 (13.6)

2.1 (1)e

.11

a

Groups were compared for number of cigarettes per day and continuous abstinence rates using independent t tests for continuous data and chi-square
tests for categorical data.
b

CPD: cigarettes per day; the available data for the variable cigarettes per day varied due to dropout.

c

t test (df) values.

d

ITT: intention to treat; lost participants were treated as smoking (full sample).

e

Chi-square (df) values.

f

Six months continuous abstinence is defined as ≤5 cigarettes since quit date and no smoking during the follow-up diary phase (carbon monoxide
verified).
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Figure 2. Means of cigarettes per day (A), self-reported abstinence (B) and carbon monoxide–verified abstinence (C) over 28 days of the challenge
diary phase by groups. CPD: cigarettes per day; CO: carbon monoxide.

Intervention Effects at the Quit Date and End of
Intervention
The results of the three GLMMs are presented in Tables 3 and
4. In terms of daily self-reported smoking abstinence (GLMM
1), the intercept describes the probability of smoking abstinence
for the CG at the quit date (77.4%, 95% CI 59.4%-88.9%). No
significant group effect emerged: the IG (85.1%, 95% CI
42.4%-97.8%) did not report higher smoking abstinence than
the CG. No significant time trend and no significant
group-by-time effect were observed. This indicates that the daily
self-reported abstinence was stable for both groups from the
quit date on (disconfirming hypothesis 2), and the nonsignificant
group difference on the quit date remained until the end of the
intervention (disconfirming hypothesis 1; probability of
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abstinence on day 28: CG: 50.2%, 95% CI 17.2%-83.1% and
IG: 74.2%, 95% CI 6.2%-99.2%). These results are not in
support of our hypotheses. However, for both groups, a
significant increase in the probability of daily self-reported
abstinence from the phase before the quit date to the phase after
the quit date occurred. Before the quit date, no difference was
observed in the probability of daily self-reported abstinence
between the CG (0.47%, 95% CI 0.05%-4.3%) and the IG
(0.66%, 95% CI 0.1%-27.5%; to test group differences before
the quit date, we recentered the time variable accordingly
[centered on the first day: day 1=0]). The level-2 random effects
indicated considerable variation between participants in the
intercepts and trajectories over time (Table S2 in Multimedia
Appendix 1).
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Table 3. Fixed effects of generalized linear mixed models testing the effect of the intervention group versus the control group on daily self-reported
abstinence and carbon monoxide abstinence (generalized linear mixed models 1 and 2).
GLMMa 1b (daily self-reported abstinence) (N=162)

GLMM 2c (daily carbon monoxide abstinence) (n=154)

bd (SE)

P value

ORe (95% CI)

b (SE)

P value

OR (95% CI)

Interceptf

1.23 (0.43)

.005

3.43 (1.47-8.01)

3.37 (0.50)

<.001

29.21 (10.88-78.46)

CPDg (baseline diary)h

−0.10 (0.03)

.002

0.91 (0.85-0.97)

−0.14 (0.03)

<.001

0.87 (0.82-0.93)

Group (0=control group; 1=interven- 0.51 (0.61)
tion group)

.40

1.67 (0.50-5.55)

−1.01 (0.69)

.14

0.37 (0.10-1.40)

Timei

−0.06 (0.04)

.13

0.94 (0.87-1.02)

−0.06 (0.04)

.08

0.94 (0.88-1.01)

Group×time

0.03 (0.06)

.63

1.03 (0.92-1.15)

0.03 (0.05)

.48

1.03 (0.94-1.14)

Quit (0=after quit date; 1=before
quit date)

−6.60 (0.72)

<.001

0.001 (0.00-0.01)

−4.36 (0.63)

<.001

0.01 (0.00-0.04)

Group×quit

0.35 (0.91)

.70

1.42 (0.24-8.42)

−0.08 (0.80)

.92

0.92 (0.19-4.43)

Quit×time

−0.003 (0.08)

.97

0.98 (0.86-1.16)

0.15 (0.08)

.06

1.16 (0.997-1.34)

Fixed effects

a

GLMM: generalized linear mixed model. Random effects are reported in Table S2 in Multimedia Appendix 1.

b

Generalized linear mixed model 1 (logistic regression): N=162 persons with a maximum of 28 days; n=3339 out of 4536 possible diary entries.

c

Generalized linear mixed model 2 (logistic regression): n=154 persons with a maximum of 28 days; n=3104 out of 4536 possible diary entries.

d

b: unstandardized regression coefficient.

e

OR: odds ratio.

f

Intercept indicates the level of the outcome for the control group at quit date (day 8).

g

CPD: cigarettes per day.

h

The grand-mean-centered cigarettes per day during the baseline diary phase as covariate.

i

Linear time trend centered on the quit date (day 8=0).

Table 4. Fixed effects of generalized linear mixed model testing the effect of the intervention group versus the control group on smoked cigarettes per
day (generalized linear mixed model 3).
Fixed effects

bd (SE)

P value

Rate ratio (95% CI)

−0.12 (0.16)

.44

0.88 (0.65-1.21)

CPD (baseline diary)f

0.09 (0.01)

<.001

1.09 (1.06-1.12)

Group (0=control group; 1=intervention group)

−0.71 (0.23)

.002

0.49 (0.31-0.78)

Timeg

0.03 (0.01)

.01

1.03 (1.01-1.05)

Group×time

−0.001 (0.01)

.95

0.99 (0.97-1.03)

Quit (0=after quit date; 1=before quit date)

2.52 (0.17)

<.001

12.40 (8.89-17.30)

Group×quit

0.64 (0.23)

.006

1.89 (1.20-2.96)

Quit×time

−0.04 (0.03)

.13

0.96 (0.91-1.01)

Intercept

a

GLMMa 3b: CPDc (n=150)

e

GLMM: generalized linear mixed model. Random effects are reported in Table S3 in Multimedia Appendix 1.

b

Generalized linear mixed model 3 (negative binomial): n=150 persons with a maximum of 28 days; n=3003 out of 4536 possible diary entries.

c

CPD: cigarettes per day.

d

b: unstandardized regression coefficient.

e

Intercept indicates level of the outcome for the control group at quit date (day 8).

f

The grand-mean-centered cigarettes per day (cigarettes per day) during the baseline diary phase as covariate.

g

Linear time trend centered on the quit date (day 8=0).

The GLMM 2 results with daily CO abstinence as an outcome
confirmed the result pattern stated above. The intercept as the
probability of CO abstinence for the CG at the quit date was
96.7% (95% CI 91.7%-98.7%). No significant group effect
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emerged: the IG (92.4%, 95% CI 50.1%-99.1%) did not report
higher CO abstinence. No significant time trend from the quit
date on and no significant group-by-time effect were observed.
This indicates that the daily CO abstinence was stable for both
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groups from the quit date on (disconfirming hypothesis 2), and
the nonsignificant group difference on the quit date remained
until the end of the intervention (disconfirming hypothesis 1;
probability of CO abstinence on day 28: CG: 89.6%, 95% CI
69.2%-97% and IG: 87.6%, 95% CI 20.7%-99.3%). These
results are not in support of our hypotheses. However, a
significant increase in the probability of daily CO abstinence
from the phase before the quit date to the phase after the quit
date occurred for both groups. No significant group differences
were observed in the probability of daily CO abstinence before
the quit date between the CG (27.2%, 95% CI 3.9%-77.4%)
and the IG (25.6%, 95% CI 0.2%-93.8%). The level-2 random
effects indicated considerable variation between participants in
the intercepts and trajectories over time (Table S2 in Multimedia
Appendix 1).
In terms of CPD as an outcome (GLMM 3), the intercept
describes the estimated CPD on the quit date in the CG. The
average number of cigarettes smoked at the quit date in the CG
was low, with about 1 cigarette (0.88) compared with about 12
CPD before the quit date. A significant difference emerged
between the IG and CG (b=−0.71, SE 0.23; RR 0.49; P=.002).
This result indicates that participants in the IG smoked
approximately half of the number of cigarettes at the quit date
compared with participants in the CG. A significant positive
time trend (time; days 8-28), but no significant group-by-time
effect emerged. This indicates that for both groups, CPD
increased across days from the quit date on. The significant
difference between groups remained until the end of
intervention, with the CG reporting smoking on average 1.5
cigarettes and the IG on average half the amount (b=−0.73, SE
0.25; RR 0.48; P=.003). These results are in support of our
hypothesis 1 but not in support of our hypothesis 2, assuming
different time trends across groups. A significant decrease in
CPD from the phase before the quit date to the phase after the
quit date occurred. This nonlinear change in CPD was
significantly greater for the IG. The level-2 random effects
indicated considerable variation among the participants in the
intercepts (Table S3 in Multimedia Appendix 1).

Sensitivity Analyses
We conducted sensitivity analyses of the intervention effect at
the quit date and the end of the intervention to test whether
results differed when controlling for the use of NRPs and a
variable denoting whether days were weekdays or weekends
(see the corresponding results in Tables S4 and S5 in Multimedia
Appendix 1). Due to the additional covariates, we could only
include participants with challenge diary entries (n=150). The
result pattern of the models with daily CO abstinence (GLMM
A2; Table S4 in Multimedia Appendix 1) and CPD (GLMM
A3; Table S5 in Multimedia Appendix 1) as outcome remained
the same. In the model with daily self-reported smoking
abstinence (GLMM A1; Table S4 in Multimedia Appendix 1),
an intervention effect emerged, such that the probability of
self-reported abstinence on the quit date was significantly higher
for the IG (92.6%, 95% CI 67.2%-98.7%) than for the CG
(76.6%, 95% CI 61%-87.2%). This significant difference
between groups remained until the end of the intervention (no
difference in time trend between groups). The additional
covariates were not the reason for the significant group effect
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on self-reported smoking abstinence, as the effect remained
when running a model without the additional covariates (n=150;
Table S6 in Multimedia Appendix 1; GLMM A4 and A5). These
analyses excluded the dropout participants, that is, the 12
participants without challenge diary data (no intention to treat),
and therefore estimated group differences less conservatively.

Intervention Effects at Follow-up
At the 6 months follow-up, regarding the outcome daily
self-reported abstinence, we analyzed the full sample (intention
to treat) and found no difference between the CG (mean 0.26,
SD 0.42; n=81) and IG (mean 0.32, SD 0.46; n=81; t160=−0.93;
P=.36; d=−0.15). We found the same result pattern for the daily
CO abstinence. No group differences emerged between the CG
(mean 0.36, SD 0.47; n=67) and IG (mean 0.40, SD 0.48; n=73;
t138=−0.48; P=.63; d=−0.08). The same result patterns were
found in the sensitivity analyses when excluding dropouts from
the analysis (no intention to treat). For daily self-reported
abstinence, no difference emerged between the CG (mean 0.37,
SD 0.46; n=56) and IG (mean 0.50, SD 0.49; n=52; t106=−1.40;
P=.16; d=−0.27). In addition, for daily CO abstinence, no
difference emerged between the CG (mean 0.55, SD 0.49; n=44)
and IG (mean 0.67, SD 0.46; n=44; t86=−1.13; P=.26; d=−0.24).
On average, participants in the CG smoked fewer CPD during
the follow-up diary phase than participants in the IG (Table 2).
This difference was not significant (t91=−0.84; P=.40; d=−0.18).

Intervention Fidelity
Of the 81 participants in the IG, 10 did not start the challenge
diary (Figure 1). Of the remaining 71 participants, 1 did not
find a buddy but started the challenge diary and used the
SmokeFree buddy app alone. Excluding this participant did not
change the result pattern. To measure app engagement,
participants in the IG were asked if they used the SmokeFree
buddy app on a daily basis. In addition, the daily perceived
usefulness of the app was assessed. Furthermore, we had access
to the Flurry Analytics account of the app developer. Flurry
Analytics is a platform for tracking and analyzing users’ app
engagement (app sessions). Of 47 participants we obtained
informed consent to analyze objective data of their SmokeFree
buddy app use (Flurry Analytic). Overall, we observed low app
engagement and low reported perceived usefulness (Table S5
in Multimedia Appendix 1). A total of 3 of the 71 participants
indicated that they had never used the app through the challenge
diary phase (no objective use data were available). Excluding
these 3 participants did not change the result pattern.

Discussion
Principal Findings
The aim of this study is to examine the effectiveness of the
SmokeFree buddy app, using an RCT with intensive longitudinal
data and daily objective measures of smoking abstinence via
exhaled CO in participants’ daily lives. The SmokeFree buddy
app group was compared with a CG that did not use the
SmokeFree buddy app. Both groups set a quit date, filled in
daily diaries, and measured exhaled CO with an app targeting
self-monitoring and feedback on behavior. First, we
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hypothesized that the IG will show higher daily abstinence and
lower CPD at the quit date, 3 weeks later, and 6 months later
than the CG (hypothesis 1). Second, we hypothesized a higher
increase or decrease in the outcome measures over time from
the quit date to 3 weeks later in the IG than in the CG
(hypothesis 2).
Both groups significantly reduced their CPD from the baseline
diary phase to the follow-up diary phase. The observed 6 months
continuous abstinence rates (CO verified; Table 2) in the IG
(18/81, 22%) and CG (11/81, 14%) were promising, as other
recent RCTs of smoking cessation apps show continuous
abstinence rates (6 months) from 7.8% [46], 10.2% [20] to
16.1% [47]. The CG was found to comparably reduce smoking
and achieve similar abstinence rates as the IG. Therefore, our
findings do not confirm hypothesis 1 with regard to daily
abstinence rates. Regarding the secondary outcome, we found
a significantly higher decrease from before to after the quit date
in CPD for the IG and significantly lower CPD at the quit date
and 3 weeks later, but not 6 months later, compared with the
CG. Disconfirming hypothesis 2, we did not find differences
in the increase or decrease in the outcome measures over time
between the IG and CG. In both groups, the abstinence measures
were low prequit, instantaneously shifted to a high level at the
quit date, and remained stable during the 3 weeks postquit. In
both groups, CPD was high prequit, instantaneously shifted to
a low level at the quit date, and then slightly increased during
the 3 weeks postquit (Figure 2). At the 6-month follow-up, CPD
levels were approximately half of the CPD levels prequit (Table
2).
To our knowledge, this is the first RCT of an app for smoking
cessation that focuses particularly on facilitating social support
from a personally chosen buddy. Enhancing social support
resources should theoretically help individuals to quit smoking
[5,9]. There is evidence from intensive longitudinal studies that
higher daily support receipt from one’s partner was related to
less daily smoking, and effects were more pronounced after a
self-set quit date when support is theoretically most needed
[23,37]. Previous intervention studies regarding partner or peer
social support to improve smoking cessation, however, could
not clearly demonstrate the effectiveness of smoking cessation
compared with a CG [9,27]. An explanation is that these partner
or peer support interventions were not capable of increasing
social support in the first place [27]. Our findings match the
results of these social support interventions, with no consistent
evidence of its effectiveness [27]. The higher decrease and lower
levels of CPD at the quit date and 3 weeks later might be
explained by the presence of a buddy of choice which increased
support and self-regulatory efforts (eg, self-monitoring and
self-efficacy) to cope with single smoking events in the short
term. However, the analysis of the secondary outcomes did not
include all randomized participants. Excluding the 12
participants who did not start the challenge diary phase led to
significant intervention effects on self-reported daily smoking
abstinence at the quit date and the end of the intervention (Table
S6 in Multimedia Appendix 1).
An explanation for the null effects of the intervention could be
that the SmokeFree buddy app was compared with a CG that
reported on their smoking and assessed CO on a daily basis,
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which is a strong self-monitoring intervention itself. It might
be that the effect of the SmokeFree buddy app over and above
the self-monitoring component was smaller than assumed.
Another potential explanation for our inconsistent findings
might be the low observed app engagement (Table S7 in
Multimedia Appendix 1). At the end of the intervention,
participants reported their reasons for potentially low app
engagement. One reason often mentioned was the preference
for established text messaging channels (WhatsApp and SMS
text messages), phone calls, or face-to-face communication,
which may have made the additional app medium redundant.
Several participants also stated that they did not experience any
benefits from using the app and did not feel the need to use the
app more often. This is in line with reports of the low perceived
usefulness of the app (Table S7 in Multimedia Appendix 1) and
may have attenuated the evidence-informed support provision
of buddy participants. Moreover, some participants also
indicated that they generally use few apps, forgot to use the app,
or stopped using the app due to relapse. Furthermore, other
social exchange processes may have co-occurred, which may
have been perceived as aversive or unwanted (eg, social
negativity [48]) and so have no beneficial effects on smoking
cessation.
Research has shown a general lack of engagement with digital
interventions [49]. Low engagement with app content may limit
the potential intervention effects [50]. An explanation for the
low app engagement and inconsistent findings may be that the
main content of the SmokeFree buddy app to enhance social
support resources may not be attractive or fruitful for everyone,
especially for individuals who do not rely on social relationships
during health behavior change (eg, smoking cessation as solo
struggle) [31,51]. In line with this, the intensive longitudinal
data of this study indicate individual heterogeneity regarding
the outcome measures at the quit date and in their time
trajectories. Future studies should investigate the effects of the
SmokeFree buddy app on hypothesized mechanisms to gain
more insight into whether and what processes have been
stimulated [32]. More research on the engagement with digital
interventions and on factors most related to intervention
effectiveness is needed (refer to the conceptual framework of
Perski et al [50]). For instance, reminders have been found to
be a simple strategy to increase user engagement with a digital
smoking cessation intervention, such as tailored text messaging
or email prompts [52,53]. In addition, human guidance (eg, by
the study coordinator or health care worker) may also improve
engagement with digital behavior change interventions [54]
because human monitoring may lead to a certain accountability
to one’s actions or inactions (eg, supportive accountability)
[55]. Finally, in the context of social support interventions, we
have to deepen our understanding of how, for whom, and under
what conditions social support beneficially influences smoking
behavior [31].

Strengths and Limitations
This study had several strengths. First, the study provides the
first experimental evidence of the SmokeFree buddy app, an
app with a new approach of buddy support in everyday life
compared with unacquainted buddies in other intervention
studies. Second, we verified our primary outcome measure of
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self-reported daily smoking abstinence with daily assessments
of exhaled CO with the iCO Smokerlyzer. Third, the intensive
longitudinal data are a major strength of this study. The daily
assessment gave us a more precise display of smoking behavior
and verification of continuous abstinence after a quit date
compared with macrotime follow-ups only [56]. Furthermore,
the intensive longitudinal study design allowed us to investigate
the temporal developments of intervention effects and assess
the heterogeneity of trajectories between individuals. We
assessed self-reported app engagement during the study and
measured it in real time. The daily diary design with daily CO
measures increases the ecological validity of our data and is the
first of its kind.
This RCT also had some limitations that need to be
acknowledged. First, this RCT investigated a multicomponent
app and thus is not able to disentangle the effects of individual
intervention components. Future app intervention development
should be guided by the multiphase optimization strategy [57]
to identify effective social support components for smoking
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cessation first before running an RCT that evaluates a
multicomponent intervention package [58,59]. Second, our data
indicated low app engagement, which may have limited potential
intervention effects.

Conclusions and Implications
Although the abstinence rates of this study are comparable with
those of other studies of smoking cessation apps [17] and both
conditions (IG and CG) led to significantly decreased CPD, we
found that the SmokeFree buddy app was not superior to a CG
with primarily self-monitoring components. The app provides
evidence for a greater short-term reduction of CPD. There is a
need for more research on the effectiveness of and the
engagement with smoking cessation apps, considering the wide
availability and the rapid release of new smoking cessation apps.
App components aimed at enhancing beneficial social
interactions with health care providers, partners, or peers to
support smoking cessation require further investigation [60].
This study contributes to the scientific evidence on the
effectiveness of smoking cessation apps in everyday life.
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Abstract
Background: The volitional help sheet (VHS) for self-harm equips people with a means of responding automatically to triggers
for self-harm with coping strategies. Although there is some evidence of its efficacy, improving acceptability and making the
intervention available in a web-based format may be crucial to increasing effectiveness and reach.
Objective: This study aims to use the Theoretical Framework of Acceptability (TFA) to explore the acceptability of the VHS,
examine for whom and under what circumstances this intervention is more or less acceptable, and develop a series of
recommendations for how the VHS can be used to support people in reducing repeat self-harm.
Methods: We explored acceptability in two phases. First, our patient and public involvement partners evaluated the original
VHS from a lived experience perspective, which was subsequently translated into a web-based format. Second, a representative
sample of adults in the United Kingdom who had previously self-harmed were recruited via a YouGov survey (N=514) and were
asked to rate the acceptability of the VHS based on the seven constructs of the TFA, namely, affective attitude, burden, perceived
effectiveness, ethicality, intervention coherence, opportunity costs, and self-efficacy. Data were analyzed using descriptive statistics,
one-tailed t tests, and binary logistic regression. A directed content analysis approach was used to analyze qualitative data.
Results: Participants in the web-based survey rated the VHS as positive (affective attitude; t457=4.72; P<.001); were confident
using it (self-efficacy; t457=9.54; P<.001); felt they did not have to give up any benefits, profits, or values when using it (opportunity
costs; t439=−15.51; P<.001); understood it and how it worked (intervention coherence; t464=11.90; P<.001); and were confident
that it would achieve its purpose (perceived effectiveness; t466=2.04; P=.04). The TFA domain burden appeared to be an important
indicator of acceptability. Lower levels of perceived burden when using the VHS tool were more prevalent among younger adults
aged 18-24 years (OR 3.63, 95% CI 1.50-8.78), people of White ethnic background (OR 3.02, 95% CI 1.06-8.613), and people
without a long-term health condition (OR 1.53, 95% CI 1.01-2.30). Perceived modifications to further improve acceptability
included improved formatting (burden), the feature to add new situations and responses or amend existing ones (ethicality), and
clearer instructions and further detail about the purpose of the VHS (intervention coherence).
Conclusions: Our findings show high levels of acceptability among some people who have previously self-harmed, particularly
among younger adults, people of White ethnic backgrounds, and people without long-term health conditions. Future research
should aim to improve acceptability among older adults, people from minority ethnic groups, and people with long-term health
conditions.
(J Med Internet Res 2021;23(9):e28349) doi:10.2196/28349
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Introduction
Background
Self-harm is a major public health concern that has a major
impact on health care services [1,2] and is growing in prevalence
in the United Kingdom [3]. Consequently, the management of
self-harm is a widely recognized challenge, and developing
preventative strategies is vital [4,5]. Self-harm may include
self-harm with suicidal intent (suicidal attempts), self-harm
without suicidal intent (nonsuicidal self-harm [NSSH]), or
suicidal thoughts [6].
There are many reasons why people engage in self-harm [7] but
common among them are triggers, such as feelings of defeat or
entrapment [8] that increase the urge to self-harm. Providing
people with a means of responding to such critical situations
may lessen the likelihood of self-harm. Implementation
intentions [9] may be valuable in this regard, as they automatize
coping responses to trigger critical situations.
Implementation intentions are if-then plans that help people to
link a critical situation (ie, if) with an appropriate response (ie,
then). There is a wide body of research illustrating the
effectiveness of implementation intentions [10], yet little
research has examined the effectiveness of implementing
intention-based interventions for reducing repeat self-harm. To
help people reduce repeated self-harm, implementation
intentions can help people recognize when they feel the urge to
self-harm and provide alternative coping strategies. The if-then
plans work by making automatic links [10] in memory between
a critical situation (“If I am tempted to self-harm when I want
to get some attention...”) and an appropriate response (“...then
I will do something else instead of self-harming”).
Implementation intentions have been shown to be effective in
reducing self-harm in people recently admitted to the hospital
for self-harm [11]. In this study, participants were provided
with a tool, the volitional help sheet (VHS), designed to assist
with the formation of implementation intentions to reduce
self-harm. The tool provides people with a list of critical
situations where the urge to self-harm may be heightened, and
a list of responses designed to increase the likelihood of not
self-harming [12]. The development of the VHS for self-harm
has been described elsewhere [11]. Briefly, the VHS provides
a theoretically driven framework for participants to construct
their own implementation intentions, drawing on theories of
suicidal behavior [13], self-harm motivation literature [14], and
the transtheoretical model of change [15]. However, previous
research is limited by high rates of attrition at follow-up [11].
Other studies report that the effectiveness of implementation
intentions for reducing repeat self-harm may vary as a function
of self-harm history [16]. Given the likelihood of successful
implementation and effectiveness of interventions may be
dependent upon perceptions of acceptability [17,18], it is
necessary to comprehensively examine the acceptability of the
VHS for self-harm in further detail.
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Intervention acceptability is an important consideration in the
design, implementation, and evaluation of health care
interventions [19,20]. The likelihood of successful
implementation and effectiveness may depend on perceptions
of acceptability [17,20]. For example, interventions perceived
as acceptable by those delivering or receiving them are more
likely to result in favorable outcomes, including adherence to
treatment programs [18], support for public health policy [17],
or acceptance of behavior change interventions [21]. The
Theoretical Framework of Acceptability (TFA) [20] is an
established guide for assessing the acceptability of interventions.
It defines acceptability as “a multifaceted construct that reflects
the extent to which people delivering or receiving a health care
intervention consider it to be appropriate, based on anticipated
or experienced cognitive and emotional responses to the
intervention” [20]. The TFA comprises seven domains: (1)
affective attitude (how individuals feel about taking part in an
intervention), (2) burden (the amount of effort required to
engage with an intervention), (3) perceived effectiveness
(whether individuals perceive an intervention as likely to achieve
its purpose), (4) ethicality (the extent to which an intervention
fits with individuals’ personal values), (5) intervention
coherence (whether individuals understand an intervention and
how it works), (6) opportunity costs (what is given up, such as
time, to take part in an intervention), and (7) self-efficacy (how
confident individuals are performing the intervention). The
advantage of using the TFA, as opposed to more general
approaches to investigating acceptability, is that the TFA allows
a more systematic assessment of intervention acceptability, and
this approach allows researchers to target specific TFA domains
in future iterations of interventions (eg, addressing perceived
burden of interventions) [22].

Objective
This study has three specific objectives: first, to evaluate the
acceptability of the VHS from a lived experience perspective
(patient and public involvement [PPI]) and redevelop the tool
according to feedback; second, to examine for whom and under
what circumstances the VHS is more or less acceptable; and
finally, to develop a series of practice recommendations for how
the VHS can be used to support people in reducing repeat
self-harm.

Methods
Overview
Ethical approval was obtained from the University Research
Ethics Committee (ref: 2020-8446-15312), and informed consent
was obtained from all participants. The VHS provides people
with a list of critical situations where the urge to self-harm may
be heightened, and a list of coping responses designed to
decrease the likelihood of self-harming [12]. The development
of the VHS for self-harm has been described elsewhere [11].
Briefly, the VHS provides a theoretically driven framework for
participants to construct their own implementation intentions,
drawing on theories of suicidal behavior [13], self-harm
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motivation literature [14], and the transtheoretical model of
change [15].
Acceptability was explored in two phases. In phase 1, the
original VHS, used as part of a previous study [11], was
distributed among a PPI group for initial feedback and translated
to a web-based format by the research team. This was done by
creating on a single webpage, as part of a web-based
questionnaire, a list of situations alongside which participants
could choose an appropriate response from a drop-down menu
for each critical situation (a screenshot of the VHS is provided

Keyworth et al
for illustrative purposes in Figure 1). As the intervention was
presented on a single screen within the questionnaire,
participants were able to print the VHS after participation.
Participants were also given a physical copy of the VHS as part
of the study. In phase 2, a national sample of people in the
United Kingdom who had previously self-harmed was recruited
via a survey panel company (YouGov), as part of a larger
6-month follow-up study examining the effectiveness of the
VHS for reducing self-harm (ClinicalTrials.gov identifier:
NCT04420546).

Figure 1. The volitional help sheet for self-harm.

Phase 1: PPI and Tool Development
The VHS has been shown to be effective for reducing self-harm
in people recently admitted to the hospital following an episode
of self-harm [11]. The researchers initially made minor changes
to the VHS for translation into a web-based format, in line with
a previous VHS delivered on the web [23]. To ensure that the
intervention was suitable for as broad a population as possible,
the VHS was evaluated from a lived experience perspective by
https://www.jmir.org/2021/9/e28349
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members from a PPI group (n=10). The group was specifically
trained to provide feedback on research methods and materials
to be used as part of intervention delivery, and all members of
the group had a history of self-harm, suicidal behavior, or
receiving mental health services. The feedback from our PPI
contributors was used to ensure that the VHS was
understandable and sensitive to people’s thoughts and emotions
about self-harm (the majority of the PPI group had a history of
self-harm). Participants provided (on hard copies of the VHS)
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feedback and suggestions for improvements both on the wording
of the instructions of the VHS, and the critical situations and
appropriate responses. Previous deployments of the VHS have
predominantly used paper and pencil, whereby participants are
asked to physically draw a line linking any situations that
applied to them, to one solution at a time (participants could
make as many situation-solution links as they would like). On
the basis of the feedback, amendments were made to the wording
of 11 of the situations and nine of the solutions. Two solutions
were removed because the group felt the wording was
inappropriate (“Then I will tell myself that I can stop
self-harming if I want to” and “Then I will make sure I am
rewarded by others if I don’t self-harm”). Two new situations
(“If I feel the urge to self-harm when I have been told off,
criticised, or had an argument with a loved one” and “If I feel
the urge to self-harm when I have lost money”), and four new
solutions (“Then I will try to ring The Samaritans,” “Then I will
try to think about how worried people will be afterwards,” “Then
I will try to make sure I ask others to respond positively if I
don’t self-harm,” and “Then I will try to tell myself that I can
stop self-harming if I want to”) were added to the VHS. The
final VHS, which included the two new situations and four new
solutions, contained 13 situations and 13 solutions.

Phase 2: YouGov Survey
A national sample of adults in the United Kingdom who had
previously self-harmed were recruited via a survey panel
company (YouGov), as part of a larger study (ClinicalTrials.gov
Identifier: NCT04420546) were invited to take part in a
web-based questionnaire and were incentivized in accordance
with the YouGov’s point system (respondents accumulated
points for taking part in surveys, which can be exchanged for
cash or entry into a prize draw). To ensure that the final sample
contained people with a prior history of self-harm, we asked a
screen question: “Have you ever intentionally hurt
yourself/self-harmed?” Response options were “yes, I have,”
“no, I have not,” or “prefer not to say.” The final sample was
based on respondents answering, “yes, I have.”
Following completion of the questionnaire (described below),
participants were asked to complete the amended VHS to reduce
self-harm (based on the feedback obtained from phase 1).
Participants formed implementation intentions by linking critical
situations with appropriate responses by choosing an appropriate
response from a drop-down menu for each critical situation.
Participants were free to make as many situation-response links
as desired. Participants were then asked questions about their
acceptability (n=514).
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Measures
Sociodemographic Variables
Demographic variables, including age, gender, ethnicity, and
social grade, were taken using the standard UK Office for
National Statistics [24] measures.

History of NSSH, Suicidal Ideation, and Suicide
Attempts
Three items drawn from the British Psychiatric Morbidity
Survey [25]: “Have you ever seriously thought of taking your
life, but not actually attempted to do so?” (suicidal ideation);
“Have you ever made an attempt to take your life, by taking an
overdose of tablets or in some other way?” (suicidal attempt);
and “Have you ever deliberately harmed yourself in any way,
but not with the intention of killing yourself? (ie, self-harm)”
(NSSH). Response options for all questions were Yes, No, or
prefer not to say. If respondents answered yes to any of the three
questions, the timing of the last episode and frequency was
asked.

Exposure to Death and Suicide
Participants were asked seven items [26,27] to establish whether
any of their close friends or family had died, whether they had
friends of family who had self-harmed, or who attempted or
died by suicide (eg, “Has anyone among your family attempted
suicide?”).

Acceptability Measures
Only one study has deployed the TFA as a quantitative measure;
Renko et al [28] assessed the acceptability of a training program
to enhance teachers’ physical activity promotion. However, the
items were not sufficiently generic to adapt to the present
purposes. Likert scale responses, with additional open-ended
text questions to capture qualitative data with respect to each
domain, were developed in line with the seven TFA constructs
used to assess acceptability. Seven items were developed, for
example, “On a scale of 0-10, how much effort was required to
use the volitional help sheet?” (burden; no effort: 1 to lots of
effort: 10). Item wordings were developed to closely resemble
the definitions provided for each domain of the TFA [20]. The
items used to measure each TFA domain are shown in Table 1.
For each of the seven TFA items, participants were invited to
provide open-ended comments describing their experiences
using the VHS with respect to each of the seven constructs of
the TFA. Seven items were developed, corresponding to each
of the TFA domains, for example, “Do you have any specific
comments about how good or bad you felt when using the
volitional help sheet?” (affective attitude). Participants’
comments were combined, and content analysis was performed.
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Table 1. The Theoretical Framework of Acceptability domains.
Domain

Question

Participant (n=514), Values, mean
n (%)
(SD)

Comments (n=360),
n (%)

Affective attitude

On a scale of 0-10, how good or bad did you feel when using
the volitional help sheet?

476 (92.6)

5.50 (2.32)

33 (9.2)

Burden

On a scale of 0-10, how much effort was required to use the
volitional help sheet?

471 (91.6)

5.09 (2.84)

78 (21.7)

Ethicality

On a scale of 0-10, how much was using the volitional help
sheet a good fit with your personal values?

465 (90.5)

4.80 (2.68)

69 (19.2)

Self-efficacy

On a scale of 0-10, how confident were you about using the
volitional help sheet?

468 (91.1)

6.16 (2.63)

37 (10.3)

Opportunity

On a scale of 0-10, to what extent did you give up any benefits, 440 (85.6)
profits, or values when using the volitional help sheet?

2.95 (2.77)

38 (10.6)

Intervention coherence

On a scale of 0-10, how confident were you that you understood 465 (90.5)
the volitional help sheet and how it works?

6.45 (2.63)

40 (11.1)

Perceived effectiveness

On a scale of 0-10, how confident were you that the volitional
help sheet is likely to achieve its purpose?

5.24 (2.59)

65 (18.1)

Analyses
Quantitative data were analyzed using SPSS, version 26 (IBM
Corporation). Descriptive statistics were used to summarize the
sociodemographic variables. The chi-square test was used to
compare our sample of people who reported a previous history
of self-harm with general population data collected as part of
the Adult Psychiatric Morbidity Survey [29]. In the absence of
universally agreed criteria for determining acceptability with
respect to deploying TFA quantitative measures, two approaches
used in previous studies were adopted [30]. First, one-tailed t
tests were used to assess how far above or below the neutral
rating (5) people rated the seven TFA indicators. This measure
was used to ensure that the neutral responses were accounted
for. Second, the proportion of participants scoring at each point
on the rating scale was assessed. These measures were used to
assess the desirability and acceptability of the questionnaire
according to each of the seven TFA domains. Binary logistic
regression was used to explore the correlates of acceptability
to identify which sociodemographic factors (gender, age,
ethnicity, social grade, and recency of self-harm [past week or
past year]; all dummy coded) were associated with higher or
lower levels of perceived acceptability. Each of the main
outcomes was recorded as a binary outcome (eg, high
acceptability: 1 or low acceptability: 0). High acceptability was
defined as scores above the neutral rating (ie, scores >5), and
low acceptability was defined as scores ≤5, except for two
domains (burden and ethicality) where high acceptability was
defined as scores <5, and low acceptability was defined as scores
≥5.

Qualitative Analyses of Open‐Ended Comments
Participants were asked to rate the acceptability of the VHS
based on the seven constructs of the TFA (described above):
affective attitude, burden, perceived effectiveness, ethicality,
intervention coherence, opportunity costs, and self-efficacy.
Participants were invited to provide open-ended comments to
each TFA question. A directed content analysis approach, which
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467 (90.9)

is suitable when the research uses an existing theory or
framework to interpret the data, was used to identify and
categorize instances of the TFA domains [31,32]. First,
deductive coding was used to generate a content analysis
framework in line with the TFA domains. Second, inductive
coding was used to generate explanatory themes with respect
to each TFA domain, whereby specific codes within each TFA
domain were grouped into themes. Initial codes were generated
and collated into potential themes by CK, who shared the coding
framework and key illustrative quotes with CJA as the analysis
progressed. Any areas of contention were discussed, and themes
were refined accordingly to ensure the trustworthiness of the
data. All the authors were involved in finalizing the main
themes. NVivo, version 12 (QSR International) was used to
organize the data. The codes focused on different aspects of
acceptability with respect to using the VHS to reduce repeat
self-harm, according to each TFA domain (eg, attitudes toward
the intervention, and the perceived effort required to engage
with the intervention). The themes were reviewed by coauthors,
and there were no disagreements.

Results
Sample Characteristics
Overview
The total sample (n=514) comprised mostly women (331/514,
64.4%), 27.4% (141/514) were aged 18-34 years, 21.2%
(109/514) were aged 35-44 years, 18.1% (93/514) were aged
45-54 years, and 33.3% (171/514) were aged ≥55 years. The
majority of the sample was White (472/514, 91.8%), and 63.4%
(326/514) were of higher social grade (nonmanual workers;
Table 2). The characteristics of our sample closely resembled
the characteristics of people who reported a history of self-harm
according to the Adult Psychiatric Morbidity Survey of the
general population [29] in terms of gender and age. However,
our sample contained a lower proportion of people from a
minority ethnic background compared with the national data.
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Table 2. Sample demographics (N=514).
Variable

Gender

General population
data (%)a

Chi-square difference P value
between sample and
population

N/Ab

N/A

N/A

N/A

331 (64.4)

54.5

1.68

.19

Men

176 (34.2)

45.5

3.00

.08

Other or prefer not to say

7 (1.4)

N/A

N/A

N/A

N/A

N/A

N/A

N/A

45.80 (14.21; 18-77)

18-34

141 (27.4)

26.4

0.03

.87

35-44

109 (21.2)

17.8

0.28

.59

45-54

93 (18.1)

21.1

0.74

.39

≥55

171 (33.3)

34.6

0.09

.77

N/A

N/A

N/A

Ethnicity

N/A

N/A

White

472 (91.8)

87.1

1.33

.25

BAMEc

16 (3.1)

12.9

6.79

.01

Prefer not to say

26 (5.1)

N/A

N/A

N/A

N/A

N/A

N/A

Social grade

N/A

N/A

Nonmanual worker

326 (63.4)

N/A

N/A

N/A

Manual or unemployed

188 (36.6)

N/A

N/A

N/A

20.6

60.55

<.001

Suicidal ideation (ever)

390 (75.9)

N/A

Past week

38 (7.4)

N/A

N/A

N/A

Past year

126 (24.5)

5.4

15.69

<.001

Longer ago

221 (43)

N/A

N/A

N/A

Would rather not say or did not answer

129 (25.1)

N/A

N/A

N/A

6.7

31.69

<.001

Suicidal attempt (ever)

212 (41.2)

N/A

Past week

N/A

N/A

N/A

N/A

Past year

N/A

0.7

1.85

.17

Longer ago

187 (36.4)

N/A

N/A

N/A

Would rather not say or did not answer

303 (59)

N/A

N/A

N/A

7.3

95.58

<.001

NSSHd (ever)

383 (74.5)

N/A

Past week

26 (5.1)

N/A

N/A

N/A

Past year

68 (13.2)

N/A

N/A

N/A

Longer ago

284 (55.3)

N/A

N/A

N/A

Would rather not say or did not answer

136 (26.5)

N/A

N/A

N/A

N/A

N/A

N/A

273 (53.1)

N/A

N/A

N/A

Exposure to death (close friend or relative) 390 (75.9)

N/A

N/A

N/A

Exposure to death by suicide (family or
close friend)

159 (30.9)

N/A

N/A

N/A

Suicidal attempt (in the family)

175 (34)

N/A

N/A

N/A

Suicidal attempt (by close friends)

189 (36.8)

N/A

N/A

N/A

NSSH (in the family)

153 (29.8)

N/A

N/A

N/A

NSSH (by close friends)

214 (41.6)

N/A

N/A

N/A

Exposure to suicide and death
Exposure to death (immediate family)
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According to the Adult Psychiatric Morbidity Survey of the general population [29].

b

N/A: not applicable.

c

BAME: Black, Asian, and minority ethnic.

d

NSSH: nonsuicidal self-harm.

Prevalence of Suicidal Ideation, Suicide Attempts, NSSH,
and Exposure to Suicide and Death
Overall, 75.9% (390/514), 41.2% (212/514), and 74.5%
(383/514) of the total sample reported suicidal ideation, suicide
attempts, and NSSH, respectively (Table 1). Furthermore, 7.4%
(38/514) of the total sample reported suicidal thoughts in the
past week, and 24.5% (126/514) of the sample reported suicidal
thoughts in the past year. Few people reported suicide attempts
in the past week (4/514, 0.8%), and 3.9% (20/514) reported a
suicide attempt in the past year. With respect to NSSH, 5.1%
(26/514) reported NSSH in the past week, and 13.2% (68/514)
reported NSSH in the past year.
Over half of the sample (273/514, 53.1%) reported experiencing
the death of a family member, over three-fourths (390/514,
75.9%) of the sample reported experience of the death of a close
friend or relative, and 30.9% (159/514) of the sample reported
experience of death by suicide of a close friend or relative. Of
the total sample, 34% (175/514) reported exposure to a family
member making a suicide attempt, and 36.8% (189/514) reported
exposure to a suicide attempt by a close friend. Exposure to
NSSH by a family member was reported by 29.8% (153/514)
of the sample, and NSSH by a close friend by 41.6% (214/514)
of the sample.
With regard to lifetime history of self-harm, our sample reported
a higher prevalence of suicidal ideation (390/514, 75.9% vs
20.6%), suicide attempts (212/514, 41.2% vs 6.7%), and NSSH
(383/514, 74.5% vs 7.3%) compared with national data. With
regard to self-harm in the previous year, our sample reported a
higher prevalence of suicidal ideation (126/514, 24.5% vs 5.4%)
compared with national data; the prevalence of suicide attempts
in the previous year more closely resembled national data (0.7%
vs 20/514, 3.9%).

Overall Acceptability of the VHS
One-sample t tests showed that participants rated the VHS
favorably on five of the seven indicators by scoring above or
below the respective midpoints. Participants rated the VHS
positively (affective attitude; mean 5.50, SD 2.32; t457=4.72;
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P<.001); were confident using the VHS (self-efficacy; mean
6.16, SD 2.63; t457=9.54; P<.001); did not have to give up any
benefits, profits, or values when using the VHS (opportunity
costs; mean 2.95, SD 2.77; t439=−15.51; P<.001); understood
the VHS and how it worked (intervention coherence; mean
6.45, SD 2.63; t464=11.90; P<.001); and were confident that it
would achieve its purpose (perceived effectiveness; mean 5.24,
SD 2.59; t466=2.04; P=.04). No significant differences were
found for the two TFA domains: burden (mean 5.09, SD 2.84)
and ethicality (mean 4.80, SD 2.68). The mean ratings for each
of the seven constructs are listed in Table 2.
The proportion of participants scoring at each point on the rating
scale of each TFA item is presented in Multimedia Appendix
1. There were two key findings. First, there was a high
proportion of responses at the upper end of the self-efficacy and
intervention coherence items, compared with other items
(97/468, 20.7% and 110/465, 23.6% of participants, respectively,
rating 9 or 10 on the 0-10 scales). Second, there was a high
proportion of responses at the lower end of the opportunity costs
item compared with other items (186/440, 42.3% of participants
rated 0 or 1 on the 0-10 scale).

Associations Between Sociodemographic Variables (Age,
Gender, Ethnicity, and Current Health Status) and
Acceptability
Table 3 shows the binary logistic regression results of perceived
acceptability of the VHS according to sociodemographic
variables.
No significant differences were found between men and women
in perceived acceptability of any of the TFA variables. Lower
levels of perceived burden were more prevalent among people
aged 18-24 years, compared with those aged 25-34 years (OR
3.63, 95% CI 1.50-8.78), and 35-44 years (OR 2.55, 95% CI
1.06-6.15), and among people of White ethnic background,
compared with people from minority ethnic groups (OR 3.02,
95% CI 1.06-8.61). Higher levels of perceived burden were
more prevalent among people who reported having a long-term
health condition (OR 1.53, 95% CI 1.01-2.30), compared with
those who did not report having a long-term health condition.
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Table 3. Associations between sociodemographic variables and acceptability of the volitional help sheet, according to Theoretical Framework of
Acceptability variables.
Variables

β (95% CI)
Attitude

Gender (women)

Burden

Ethicality

Self-efficacy

Opportunity
costs

Intervention co- Perceived effecherence
tiveness

1.10 (0.75-1.61) 1.17 (0.80-1.71) 1.26 (0.84-1.87) 1.28 (0.87-1.88) 0.91 (0.53-1.58) 1.17 (0.79-1.74) 1.26 (0.86-1.86)

Age (years; reference group: 18-24)
25-34

0.81 (0.35-1.87) 3.63a(1.50-8.78) 0.83 (0.36-1.93) 1.51 (0.66-3.45) 0.64 (0.21-2.02) 1.55 (0.67-3.60) 0.82 (0.36-1.87)

35-44

0.76 (0.33-1.78) 2.56b(1.06-6.15) 0.80 (0.34-1.85) 1.72 (0.75-3.96) 0.64 (0.20-2.00) 1.70 (0.73-3.96) 0.78 (0.34-1.76)

45-54

1.11 (0.48-2.59) 1.70 (0.69-4.14) 0.73 (0.31-1.73) 1.58 (0.68-3.66) 1.04 (0.34-3.15) 1.31 (0.56-3.07) 0.71 (0.31-1.64)

55 or over

1.15 (0.51-2.57) 1.47 (0.63-3.43) 0.86 (0.38-1.94) 1.13 (0.51-2.50) 0.73 (0.25-2.16) 1.17 (0.53-2.61) 0.70 (0.32-1.53)

Ethnicity (minority
ethnic groups)

1.86 (0.72-4.80) 3.02b(1.068.61)

1.56 (0.59-4.14) 0.77 (0.30-1.98) 2.88 (0.96-8.60) 3.05 (0.8710.70)

1.51 (0.55-4.16)

Social grade (nonman- 0.93 (0.63-1.35) 1.01 (0.70-1.47) 0.92 (0.62-1.35) 1.42 (0.97-2.08) 1.05 (0.61-1.82) 1.21 (0.82-1.78) 1.08 (0.74-1.58)
ual)
Long-term chronic
health condition

1.16 (0.77-1.74) 1.53b(1.012.30)

Marginalized group
(yes)

0.75 (0.50-1.11) 1.20 (0.82-1.77) 0.93 (0.62-1.39) 0.90 (0.61-1.33) 1.26 (0.73-2.18) 1.36 (0.90-2.04) 1.16 (0.79-1.72)

1.29 (0.84-1.98) 1.02 (0.68-1.53) 0.86 (0.49-1.53) 1.10 (0.73-1.67) 0.93 (0.62-1.39)

Self-harm (past week; 0.66 (0.37-1.20) 1.55 (0.88-2.72) 1.34 (0.76-2.36) 1.22 (0.69-2.16) 0.72 (0.53-2.48) 0.91 (0.52-1.62) 0.84 (0.54-1.65)
any measure)
Self-harm (past year;
any measure)

0.71 (0.48-1.06) 1.64b(1.112.41)

0.82 (0.55-1.23) 0.73 (0.50-1.07) 0.78 (0.44-1.38) 1.08 (0.72-1.60) 0.86 (0.58-1.26)

Exposure to death
(immediate family)

1.23 (0.85-1.77) 0.62a(0.430.89)

1.06 (0.73-1.55) 1.02 (0.71-1.48) 1.64 (0.95-2.84) 1.01 (0.70-1.48) 0.93 (0.64-1.33)

Exposure to death
(close friend or relative)

1.15 (0.75-1.77) 0.86 (0.57-1.32) 1.11 (0.71-1.73) 0.91 (0.59-1.40) 0.94 (0.51-1.74) 1.25 (0.81-1.93) 0.86 (0.56-1.32)

Exposure to death by
suicide (family or
close friend)

0.80 (0.54-1.19) 0.97 (0.66-1.44) 1.07 (0.71-1.61) 0.73 (0.49-1.08) 1.06 (0.60-1.88) 0.97 (0.64-1.45) 1.11 (0.74-1.65)

Suicidal attempt (in
the family)

1.53b(1.04-2.25) 0.95 (0.65-1.39) 1.02 (0.68-1.51) 1.11 (0.75-1.63) 1.32 (0.76-2.27) 1.23 (0.82-1.83) 1.11 (0.75-1.63)

Suicidal attempt (by
close friends)

0.87 (0.60-1.28) 1.11 (0.76-1.62) 0.91 (0.61-1.35) 1.20 (0.81-1.76) 1.77b(1.033.03)

NSSHc (in the family) 1.13 (0.76-1.69) 1.00 (0.67-1.49) 1.53b(1.022.30)
NSSH (by close
friends)
a

1.51b(1.002.27)

1.73 (0.95-2.14) 1.00 (0.68-1.47)

1.04 (0.58-1.85) 2.10a(1.353.27)

1.33 (0.89-1.99)

0.78 (0.53-1.14) 1.33 (0.92-1.94) 1.10 (0.74-1.61) 1.33 (0.91-1.95) 1.30 (0.75-2.24) 1.53b(1.032.27)

1.02 (0.70-1.48)

P<.05.

b

P<.01.

c

NSSH: nonsuicidal self-harm.

Associations Among Prevalence of Suicidal Ideation,
Suicide Attempts, NSSH, Exposure to Suicide and Death,
and Acceptability
People who reported self-harm in the past year were more likely
to report higher levels of burden (OR 1.64, 95% CI 1.11-2.41)
than those who did not report self-harm in the past year. No
significant differences were found for any of the TFA variables
among people who had or had not self-harmed in the past week.
https://www.jmir.org/2021/9/e28349
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People who reported exposure to death (within their immediate
family) were likely to perceive a lower burden (OR 0.62, 95%
CI 0.43-0.89) compared with those who had not. People who
reported exposure to a suicide attempt (within their immediate
family) were more likely to report favorable attitudes toward
the VHS (OR 1.53, 95% CI 1.04-2.25). People who reported
exposure to a suicide attempt (by close friends) were more likely
to report higher opportunity costs (the extent to which people
gave up any benefits, profits, or values when using the VHS;
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OR 1.77, 95% CI 1.03-3.03) compared with those who did not.
People who reported NSSH (within their immediate family)
were more likely to report higher levels of ethicality (fit with
personal values; OR 1.53, 95% CI 1.02-2.30), self-efficacy (OR
1.51, 95% CI 1.00-2.27), and intervention coherence (confidence
in understanding the intervention and how it works; OR 2.10,
95% CI 1.35-3.27), compared with those who did not. People
who reported NSSH (by close friends) were more likely to report
higher levels of intervention coherence (OR 1.53, 95% CI
1.03-2.27), compared with those who did not.

Qualitative Analyses of Open-Ended Comments
Overview
In all, 340 participants provided at least one open-text comment
in response to the TFA items. After responses that were deemed
invalid (eg, participants responding with no comments) were
removed, all of the remaining responses (n=360 comments)
were analyzed. Explanatory themes with illustrative quotes were
presented within each TFA domain. With respect to opportunity
costs, 38 comments were provided. The majority of comments
were related to a lack of clarity with respect to this question.
Consequently, the participants were unable to provide responses
for this domain.
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self-reflection as an important feature of the intervention.
However, 13 participants reported the psychological effort
required to engage with the VHS, such as difficulties in choosing
an appropriate situation and response. Participants also described
how situations or responses that were perceived to be not
personally relevant added to the effort required to engage with
the intervention: “Too much effort may result in people giving
up completing it.”
Second, participants described potential challenges of using a
web-based platform that should be considered in future iterations
of the intervention. First, due to the intervention being delivered
on the web, 11 participants expressed technical or formatting
difficulties that made it difficult to engage with the VHS.
Technical issues included difficulties viewing on a mobile
device or difficulties in selecting situations and responses from
the drop-down menus. These were deemed minor and could be
resolved in future iterations of the intervention:
I think it was just this interface made it difficult to
scroll. I’m sure if it was on a different site it would
be fine. [P544, female]
I am doing it on the phone so is difficult to read
sometimes. [P339, male]

Affective Attitude

Ethicality

In total, 9.2% (33/360) of the comments were provided with
respect to how good or bad participants felt about taking part
in the intervention. Comments within this domain focused on
refinements to the intervention and the perceived relevance of
situations and responses. First, the suggested refinements were
mainly with respect to general comments about the wording of
the situations and responses. In particular, some participants
suggested that some of the statements might induce negative
thoughts about self-harm and act as a reminder of personal
experiences of self-harm:

In total, 19.2% (69/360) of the comments were provided with
respect to the extent to which using the VHS a good fit with an
individual’s personal values. Comments within this domain
focused on the perceived strengths of the intervention and the
perceived importance of having modifiable statements. First,
participants reported that they recognized the situations and
responses and indicated a good fit with their personal values.
One participant reported that the practical approach to trying to
reduce self-harm was a particular strength of the intervention.
Another participant described how the intervention helped them
focus on more positive thoughts when forming implementation
intentions:

It brought back a lot of negative memories and feeling
surrounding self-harm. Someone would need to be in
a decent place in order to use it. [P552, female]
Second, participants made reference to the importance of the
intervention containing relevant situations to their own
experiences where the urge to self-harm may be heightened and
responses that are more appropriate. Some participants expressed
a desire for more relevant options, as some participants had
difficulty relating to either the situations or responses, and they
did not link directly to their experiences:
I felt slightly frustrated. I don’t know why. Maybe
because I wanted more options. [P348, male]
I felt that many of those situations were too specific
and did not fit my experiences. [P57, female]

Burden
In total, 21.6% (78/360) of the comments were provided with
respect to the perceived effort required to use the VHS.
Comments within this domain focused on perceptions of
usability and perceived technology-based challenges. First,
some participants reported specific features of the VHS that
made it easy to use, including encouraging and promoting
https://www.jmir.org/2021/9/e28349
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It identified to me other ways that I could keep
thoughts positive. [P571, female]
Practical without being patronising or guilt inducing.
[P348, male]
Second, there were a small number of participants, who
responded negatively to the VHS in its current form; 15
participants perceived the situations and responses as a poor fit
with their personal values (such as some of the solutions
focusing on other people). In total, 6 respondents suggested
acknowledging other situations and responses would strengthen
the intervention, as would the feature to add new situations and
responses or amend existing ones:
It makes the assumption that self harming is always
bad. [P437, female]
Like I said it makes me think I should be guilty for
wanting to self harm. [P101, female]
I don’t really feel comfortable using other people as
a solution I think examples of what to do instead (eg
go for a walk) could be a way in the moment to realise
thinks that might help. [P709, female]
J Med Internet Res 2021 | vol. 23 | iss. 9 | e28349 | p.261
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Self harming for attention/to hurt or worry others is
attention seeking. There are other ways to seek
attention. My own self harm was entirely hidden.
[P417, male]
I’d prefer something a bit more free-wheeling where
I could add my own responses. [P254, female]

Intervention Coherence
In total, 11.1% (40/360) of the comments were provided with
respect to how confident respondents were that they understood
the VHS and how it worked. Comments within this domain
focused on perceived clarity about the purpose of the
intervention and perceived confidence in engaging with the
intervention correctly. First, 9 participants reported that they
understood the intervention and were positive about its
usefulness and helpfulness. However, the majority of the
comments related to the need for improved clarity about the
purpose of the VHS and how it works:
I believe I’m emotionally fairly intelligent and quite
reflective so I believe I understood it fairly well.
It was easy to understand but I imagine that some
people would think they could only choose one option.
[P427, male]
Second, for some participants, a lack of clarity in how the VHS
was described affected their confidence in using the intervention
in the correct way. A need for clearer instructions for the VHS
and, in particular, to help describe how the VHS is intended to
work as a way of developing coping plans, was expressed:
The situation and the options were there but no idea
how it is supposed to work to stop something that is
not tailored towards a specific problem. [P22, male]
I wasn’t sure if I should have read all the options even
the situations were not applicable to me. I apologise
if I got that wrong. [P387, male]

Perceived Effectiveness
In total, 18.1% (65/360) of the comments were provided with
respect to how confident respondents were that the VHS is likely
to achieve its purpose. Comments within this domain focused
on perceptions of when the intervention could be used and
perceived receptiveness of people. First, participants described
how the VHS would be particularly helpful for people in specific
contexts or under particular circumstances. Some participants
believed that it may be helpful for people when the urge to
self-harm was not at its height or as a preventative measure for
self-harm: “I think in milder moments and before crisis point,
it could help refocus the mind to a more positive and less
destructive way of thinking.”
Second, participants believed that the effectiveness of the VHS
might depend on how receptive people are to the intervention,
and they believed it would be effective for their own
circumstances. Some participants expressed concerns that the
purpose of the VHS was unclear and expressed a need for further
guidance. Participants described how the intervention may
induce negative emotions for some people, which may affect
how people engage with the intervention:
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I think for someone who self harms on instinct it
would be useful to have solutions written down as a
reminder. [P249, female]
It requires a level of concentration which may be
difficult to achieve if severely depressed. [P422, male]

Self-efficacy
In total, 10.3% (37/360) of the comments were provided with
respect to how confident respondents were about using the VHS.
Comments within this domain focused on perceptions of
personal relevance and factors associated with engagement.
First, participants reported that the intervention was easy to use
and navigate. However, others have reported that the likelihood
of people using or needing a VHS may be dependent upon the
relevance of the situations and solutions:
I felt like I learnt to use it. In some cases the situations
and options did not fit “me.” [P549, male]
Perceptions of personal relevance were perceived to affect
confidence in using the intervention. In some cases, participants
reported that they had lower confidence in using the VHS
because of some of the options not being relevant to their own
circumstances; 3 participants expressed doubts that they were
using the VHS correctly. Furthermore, one participant also
described how motivation to engage with the intervention may
differ depending on the situation presented:
Not sure on some of the questions, so put nearest
guess to what I might do, most likely I would have
selected a different option not available. [P22, male]
Wasn’t 100% sure about whether or not I could add
the same motivation to different situations (I didn’t).
[P254, female]

Discussion
Principal Findings
This paper describes the acceptability of a brief intervention
based on implementation intentions to prevent and reduce
self-harm. This is the first study to (1) apply the TFA to examine
the acceptability of preventative strategies for self-harm, (2)
examine for whom and under what circumstances the VHS is
more or less acceptable for preventing and reducing self-harm,
and (3) develop a series of recommendations for how the VHS
can be used to support people to reduce repeated self-harm. This
study has four key findings. First, the VHS was rated favorably
on five of the seven TFA domains (affective attitude,
self-efficacy, opportunity costs, intervention coherence, and
perceived effectiveness). In particular, there was a high
proportion of responses at the upper end of the self-efficacy and
intervention coherence items, which suggests that participants
understood the VHS and how it works, and they were confident
in their ability to use it correctly. Furthermore, there was a high
proportion of responses at the lower end of the opportunity cost
item, which suggests that people anticipated no problems
forming implementation intentions, nor did they have to give
up something else, such as time, to engage with the intervention.
Second, with respect to sociodemographic variables, the TFA
domain burden appeared to be an important indicator of
J Med Internet Res 2021 | vol. 23 | iss. 9 | e28349 | p.262
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acceptability of the VHS. In particular, lower levels of perceived
burden when using the VHS were more prevalent among
younger adults (aged 18-24 years) than among older adults, and
among people of White ethnic background, compared with
participants from a minority ethnic background. This is
consistent with national data showing higher rates of self-harm
among younger adults [1,3] and among people of White ethnic
backgrounds compared with other ethnic backgrounds [33]. Our
intervention may benefit some vulnerable individuals. However,
our results suggest that further modifications are required to
increase acceptability among older adults and minority ethnic
groups with respect to perceived burden. Moreover, higher
levels of perceived burden were more prevalent among people
who reported having a long-term health condition than among
those who did not report having a long-term health condition.
This may suggest that having the additional burden of a
long-term condition may affect the perceptions of interventions
designed to target mental health challenges. Given that 30% of
the UK population reported living with a long-term condition
and a mental health problem (approximately 4.6 million people)
[34], this may consequently be an important target population
for future studies.
Third, a history of self-harm was associated with perceived
acceptability of the VHS. In our study, people who reported
self-harm in the past year were more likely to report higher
levels of perceived burden compared with those who did not
report self-harm in the past year. The VHS has previously been
found to be effective for people recently admitted to the hospital
after an episode of self-harm [11]. Consequently, our findings
suggest that the VHS could be improved further for people with
a longer history of self-harm, to make the VHS less burdensome
among people who have self-harmed relatively recently (ie, in
the past year).
Fourth, our findings show that exposure to death and suicide is
associated with perceived acceptability of the VHS. With respect
to immediate family, people who reported exposure to death
were more likely to report lower levels of perceived burden
compared with those who did not. People who reported exposure
to a suicide attempt were more likely to report favorable
attitudes toward the VHS. Furthermore, people who reported
exposure to NSSH were more likely to report higher levels of
ethicality (fit with personal values), self-efficacy (confidence
in using the VHS), and intervention coherence (confidence in
understanding the intervention and how it works), compared
with those who did not. With respect to close family and friends,
people who reported exposure to NSSH were more likely to
report higher levels of intervention coherence than those who
did not. Wider research suggests that exposure to suicidal
behavior may increase the risk of suicidal behavior through
mechanisms such as imitation or social learning [26]. Our
findings suggest that exposure to suicidal behavior may have
positive effects on intervention acceptability and receptiveness
to interventions, as they alleviate the perceived burden of
interventions designed to support people in reducing repeat
self-harm.
Overall, both our quantitative and qualitative findings suggest
high levels of acceptability of the VHS. Consistent with the
assumptions of the TFA that engagement in interventions may
https://www.jmir.org/2021/9/e28349
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be dependent upon acceptability [20], our qualitative findings
highlight: (1) factors that may affect engagement with the
intervention and (2) suggestions to modify the intervention,
which may increase acceptability.
With regard to the factors that may affect engagement with the
intervention, there were a number of perceived challenges for
participants when engaging with the intervention, which could
be addressed in future iterations of the intervention, to further
increase acceptability. The most commonly reported problems
were related to (1) perceptions that statements might (for some
people) induce negative thoughts about self-harm and act as a
reminder of personal experiences of self-harm (attitude), (2)
difficulties choosing an appropriate situation and response due
to some being perceived as not personally relevant (burden),
(3) technical issues including difficulties viewing on a mobile
device or difficulties in selecting situations and responses from
the drop-down menus (burden), and (4) perceptions of how
receptive people are to the intervention (perceived effectiveness).
With regard to how to modify the intervention, in line with the
respective TFA domains, there were a number of suggestions
that may increase acceptability. The questions included (1)
improved formatting of the intervention (burden), (2) the feature
to add new situations and responses or amend existing ones
(ethicality), and (3) clearer instructions and further details about
the purpose of the VHS and how it works (intervention
coherence).

Implications
Our findings suggest high levels of acceptability of the VHS.
Participants reported that the VHS was easy to use, and
encouraged and promoted self-reflection as a way of supporting
people in avoiding future self-harm (burden). Minor technical
issues were perceived to increase the intervention burden;
however, these were judged by the research team to be minor
issues. Interventions for self-care practices delivered web-based
have been found to be acceptable and demonstrate some level
of efficacy across a number of health conditions, including
diabetes [35] and psoriasis [36]. This is important, as it suggests
that technology-based interventions are perceived as an
acceptable delivery mechanism for interventions targeting better
management of long-term health conditions. Interventions for
mental health problems delivered web-based are considered to
be highly acceptable [37], and with further refinements, our
intervention could be further developed and delivered as part
of remote health care delivery [38,39]. However, further
modifications and co-design are needed to make the VHS less
burdensome for older adults and to explore specific requirements
for people from minority ethnic groups and people with
long-term health conditions. This could include clearer
instructions about the purpose of the VHS and how it works,
and improved formatting.
Our findings suggest that the VHS may be helpful for people
in specific contexts or under particular circumstances. The
timing of the last self-harm episode appears to be an important
consideration when deploying the tool. The VHS was designed
to be used as a support tool when someone has the urge to
self-harm or immediately following an episode of self-harm
[11]. Our findings suggest that further refinements are needed
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for the tool to make it less burdensome (ie, requiring a lot of
effort to engage with) for people who have self-harmed in the
previous year. By making the tool easier to engage with, the
tool may also be useful as part of long-term support strategies,
such as when the urge to self-harm may not be at their height.
It is encouraging that no gender differences in acceptability
were found, and thus future research could explore the extent
to which brief interventions for self-harm could be delivered
by health care professionals, for example, research suggests that
more emphasis should be placed on improving self-harm care
for patients, with a focus on improving the implementation of
self-harm management guidelines [40]. One possible route is
to explore the use of the VHS alongside GP care, given that the
recognition of primary care is an important place to potentially
help people reduce repeat self-harm [41].

Strengths and Limitations
Previous studies examining the prevalence of self-harm have
focused on general population samples [29] or adolescent
samples [42]. To our knowledge, this is the first study to
characterize a national community sample of adults who have
previously self-harmed with respect to demographic variables,
history of NSSH, suicidal ideation and suicide attempts, and
exposure to death and suicide. This is important because
knowing more about this community population allows more
targeted preventative strategies for self-harm, with respect to
specific subgroups who may benefit the most from interventions.
There was evidence of good acceptability of the VHS in line
with the TFA domains. In the absence of a universally agreed
criterion for TFA acceptability when deploying quantitative
measures, we present an assessment criterion that fully
operationalizes each of the seven TFA domains and can be used
in future studies to assess perceived intervention acceptability.
Further developments may be needed to increase perceived
acceptability of the VHS for self-harm among older adults,
people from minority ethnic groups, and people with long-term
health conditions. This study had some limitations. Participants
were identified from a pre-existing sample of the general public
who reported a previous history of self-harm and were recruited
and incentivized by YouGov to complete the questionnaire.
Therefore, the sample may not be fully representative of a
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community with a history of self-harm. However, YouGov
attempted to overcome this by seeking the widest possible
variation in terms of demographic characteristics, according to
people who reported a history of self-harm.
Due to a lack of available studies among community samples
with a history of self-harm, we were unable to determine
whether our sample is representative of this population.
However, we were able to compare our sample with data from
the Adult Psychiatric Morbidity Survey of the general population
to compare demographic characteristics and self-harm outcomes
among people who reported a history of self-harm. Our sample
closely resembled the Adult Psychiatric Morbidity Survey data
[29] in terms of gender and age. However, our sample contained
a lower proportion of people from a minority ethnic background
compared with the national data. Our sample also reported a
higher prevalence of suicidal ideation (lifetime and past year),
suicide attempts (lifetime), and NSSH (lifetime) compared with
national data. We were unable to identify data on self-harm
outcomes in the past week and NSSH outcomes in the past week
or past year. Finally, due to the lack of an appropriate instrument
to measure the seven TFA constructs, the research team
developed a measure that could be deployed for the present
purposes. It would be valuable to conduct follow-up work that
examines the psychometric properties of the tool to determine
whether it could be used in the context of other contexts.

Conclusions
A brief intervention based on implementation intentions has
been shown to be effective in reducing self-harm in people
recently admitted to the hospital after an episode of self-harm.
Our findings show high levels of acceptability more generally
in people who have previously self-harmed, particularly among
younger adults, people of White ethnic backgrounds, and people
without long-term health conditions. The intervention still has
room for improvement with respect to further modifications
around language and technical features, but with emphasis on
other target populations. It is hoped that this intervention will
provide a useful tool for both individuals to construct their own
personalized implementation intentions and as part of long-term
support for preventing self-harm delivered by health care
professionals.
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Abstract
Background: In the era of potent antiretroviral therapy, a high level of condomless anal intercourse continues to drive increases
in HIV incidence in recent years among men who have sex with men. Effective behavior change strategies for promoting
HIV-preventive behaviors are warranted. Narrative persuasion is a novel health communication approach that has demonstrated
its persuasive advantages in overcoming resistance to counterattitudinal messages. The efficacy of narrative persuasion in promoting
health behavior changes has been well documented, but critical research gaps exist for its application to HIV prevention.
Objective: In this study, we aimed to (1) capitalize on narrative persuasion to design a web-based multisession intervention for
reducing condomless anal intercourse among men who have sex with men in Hong Kong (the HeHe Talks Project) by following
a systematic development process; and (2) describe the main components of the narrative intervention that potentially determine
its persuasiveness.
Methods: Persuasive themes and subtopics related to reducing condomless anal intercourse were initially proposed based on
epidemiological evidence. The biographic narrative interview method was used to elicit firsthand experiential stories from a
maximum variation sample of local men who have sex with men with diverse backgrounds and experiences related to HIV
prevention; different types of role models were established accordingly. Framework analysis was used to aggregate the original
quotations from narrators into collective narratives under 6 intervention themes. A dedicated website was finally developed for
intervention delivery.
Results: A series of video-based intervention messages in biographic narrative format (firsthand experiential stories shared by
men who have sex with men) combined with topic-equivalent argumentative messages were produced and programmed into 6
intervention sessions. The 6-week intervention program can be automatically delivered and monitored online.
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Conclusions: We systematically created a web-based HIV prevention intervention derived from peer-generated stories. Strategies
used to enhance the efficacy of the narrative intervention have been discussed within basic communication components. This
paper describes the methods and experiences of the rigorous development of a narrative communication intervention for HIV
prevention, which enables replication of the intervention in the future.
(J Med Internet Res 2021;23(9):e22312) doi:10.2196/22312
KEYWORDS
narrative persuasion; firsthand experiential stories; online intervention; HIV prevention; sexual behavior; men who have sex with
men

Introduction
Men Who Have Sex With Men as an Important Target
for HIV Prevention
Although a steadily decreasing trend has been observed for the
global HIV burden, the epidemic has continued to expand among
men who have sex with men [1]. For example, in Hong Kong,
HIV prevalence has increased to 6.54% among men who have
sex with men in recent years, while the rate has remained lower
than 0.1% in the general population [2]. Despite biomedical
advances in antiretroviral therapy and growing access to care
and treatment, there is a paradoxical rise in the HIV incidence
rate among men who have sex with men that was found to be
significantly associated with an increase in condomless anal
intercourse [3,4]. The disproportionate risk is also fueled by a
relatively low level of HIV testing [5,6]. More efforts are
necessary to develop effective behavior change strategies for
the promotion of HIV-preventive behaviors among this
vulnerable population.

Gaps in Communicating Persuasive Messages on HIV
Prevention
Although health communication is widely acknowledged as an
important tool for HIV prevention [7], existing persuasive
communications has failed to significantly stimulate behavior
change [8]. Previous interventions drew heavily on classic health
behavior change theories to improve cognitive determinants
(eg, risk perceptions) [7]; however, such interventions are based
on the assumption that message recipients are so-called rational
individuals, and the influence of recipients’ preexisting state in
accepting and executing desirable behaviors are omitted [9,10].
Counterattitudinal messages, namely persuasive topics and
arguments that differ from recipients’ own values or beliefs
[11], are largely used for health behavior promotion. For
instance, interventions for HIV prevention are commonly
developed to target high-risk groups who engage in unprotected
sex or have a low intention to use condoms consistently.
Recipients are prone to argue against advocated positions to
protect their previously held values or beliefs [11,12], adhering
to or even engaging in more of the discouraged behavior [13].
There has long been a need to overcome such resistance to
persuasive messages about HIV prevention [14].

Theoretical Mechanisms Underlying Narrative
Persuasion
Over the past decade, narrative persuasion has been recognized
as a promising avenue for health communication [12]. A
narrative refers to “a representation of connected events and
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characters that has an identifiable structure [15].” The traditional
approach—argumentation—otherwise features expository and
didactic communication, with a logical presentation of overt
arguments and factual information in the form of reasons and
evidence to put forth a claim [12,15,16]. The two
communication styles are fundamentally different in terms of
information processing. Instead of receiving carefully elaborated
explicit persuasive arguments in argumentative communication
[17], narrative processing typically involves engagement with
narrative elements and identification with characters (ie,
vicarious experience of characters’ cognitive and emotional
responses) as casually and chronologically related events unfold
in a coherent manner [16,18,19].
Narrative persuasion is grounded in both the Extended
Elaboration
Likelihood
Model
[18]
and
the
Transportation-Imagery Model [20]; narrative persuasion has
the advantage (over argumentation) of inhibiting negative
responses to counterattitudinal messages because fewer targets
are available for counterarguments, given its structure, with
implicit persuasive content embedded in narrative elements; (2)
there is less processing capacity and motivation to critically
scrutinize core arguments that are presented in narrative format;
and (3) identification with narrative characters facilitates
psychological distancing from the recipients’ initial
story-inconsistent positions [16,18,19,21].
Remarkably, the incorporation of argumentative support further
bolsters narrative persuasion [22,23], facilitating cognitive
elaboration, rehearsal, and repetition, which leads to an enduring
persuasive impact [18,24,25]. Prefacing argumentative messages
by narrative messages could potentially predispose recipients
to positively process and comprehend the overtly persuasive
arguments [26-28]. Recipients could first shift from existing
positions temporarily through engagement with the narrative
messages, and fully assimilate the advocated positions into their
own value structures through positive elaboration of the
subsequent argumentation messages [18].

Harnessing Narrative Persuasion for Behavioral
Interventions
Existing empirical evidence supports the efficacy of narrative
interventions in promoting health behaviors relative to
argumentation or null controls [29,30]. Relatively fewer studies
have examined the effect of a combination of narrative and
argumentative messages about cancer screening [31-33],
diabetes self-care [34], and vaccination [35]; most were found
to be more effective in changing the target behavior and its
theoretical determinants than a single message format.
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Several studies [36-41] have applied narrative communication
to HIV prevention, but there are some critical research gaps.
First, most narratives took the form of fictional stories (eg,
entertainment-education soap opera) that were scripted by
researchers; its efficacy in improving HIV-preventive behaviors
is controversial [36,37]. However, other narrative types,
including experiential stories, have received little exploration.
Second, some interventions involved multiple behavior change
strategies (eg, condom distribution), and thus, made it difficult
to isolate the specific effect of the narrative component [38].
Third, the majority of previous narrative interventions addressed
heterosexual risk for HIV [39,40]; we suppose that efficacy of
narrative interventions is higher among homosexual people
because HIV prevention is more personally relevant to this
population group, and personal relevance of a health topic can
enhance narrative efficacy [41]. Finally, no studies have been
conducted among Asian populations. More research on narrative
persuasion in different contexts is warranted because shared
stories inherently embody rich cultural information that shapes
behaviors and responses to persuasive communication [9,42].

Utilizing Web-Based HIV Prevention Interventions
for Men Who Have Sex With Men
Web-based technology has been recognized as a powerful tool
to efficiently reach target populations and deliver behavioral
interventions to enhance responses to the ongoing HIV epidemic
among men who have sex with men [6]. A recent meta-analysis
[43] of 44 studies across 12 countries and regions found that
eHealth interventions effectively reduced condomless anal
intercourse, reduced multiple sex partnership, and increased the
uptake of HIV testing among men who have sex with men.
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Moreover, a considerable proportion of men who have sex with
men actively use the internet for socializing and sex-seeking,
which has been found to increase likelihood of condomless anal
intercourse, and consequently, risk of HIV infection [44-46].
In Hong Kong, approximately 70% of men who have sex with
men engage in sex-seeking online [47]. Hence, web-based
interventions can seize the opportunity to promote HIV
prevention among men who have sex with men at a crucial point
when they tend to engage in risky sexual practices. In addition,
Chinese men who have sex with men use the internet as the
primary source of information about sexual health, HIV, and
other sexually transmitted infections (STIs), and accept the use
of eHealth in supporting their sexual health care [48].
In this study, we developed a web-based narrative intervention
for HIV prevention among men who have sex with men in Hong
Kong (the HeHe Talks Project) to deliver a series of video-based
persuasive messages to reduce condomless anal intercourse.
Biographic narratives (firsthand experiential stories shared by
local men who have sex with men peers) were combined with
topic-equivalent argumentative messages.

Methods
Ethics and Procedure Overview
Informed consent was obtained from all participants involved
in this project. Ethical approval was obtained from Joint Chinese
University of Hong Kong–New Territories East Cluster Clinical
Research Ethics Committee (reference number 2014.274-T). A
roadmap of the development procedure is presented in Figure
1.
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Figure 1. Procedure for developing the narrative intervention program (HeHe Talks).

Identifying Persuasive Themes and Subtopics
We conducted a review of modifiable and significant predictors
of HIV/STI infection and condomless anal intercourse among
local men who have sex with men in publications and
government documents to inform topic selection. Factors were
categorized into cognitive (eg, risk perceptions), interpersonal
(eg, sex partnership), contextual (eg, substance use), and sexual
practice–specific (eg, group sex). In addition, it has been
suggested that HIV testing behavior should be addressed
simultaneously, given its significant relationship with
condomless anal intercourse among Chinese men who have sex
with men [49,50]. Six session themes were initially proposed:
knowledge about HIV/STI, condom use and partnership, condom
use and risky contexts, condom use and substance use, efficacy
of condom use, and HIV testing (Multimedia Appendix 1).
Qualitative evidence was obtained by conducting a focus group
discussion with 5 Hong Kong men who have sex with men (age:
range 28-38 years). The focus group was led by a public health
researcher and a health psychologist and was used to assess
knowledge, views, and information needs regarding HIV
prevention and condomless anal intercourse. Most interviewees
had university-level educations and above (4/5) and had
full-time jobs (4/5); 2 interviewees reported consistent condom
use for anal sex, and 1 had engaged in substance use–facilitated
anal sex in the previous 6 months.
This focus group informed refinement of the intervention topics.
For example, the participants emphasized the phenomenon of
“complacency about HIV” among local men who have sex with
men (ie, that strong belief about antiretroviral therapy efficacy
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contributed to low-risk perceptions and high motivation to
engage in condomless anal intercourse). Proposed intervention
topics were sent to several HIV specialists; we further revised
the topics based on their feedback. For example, they suggested
focusing on drug use other than alcohol consumption to address
reducing substance use–facilitated condomless anal intercourse;
accordingly, the subtopic impact of alcohol use on condomless
anal intercourse was removed.

Recruiting Narrators and Operationalizing the Role
Models
The Sabido entertainment-education strategy [25] was applied
to establish 3 types of role models: (1) positive characters, who
engage in consistent condom use while having anal intercourse
and undergo regular HIV testing, and consequently, maintain
sexual health; (2) negative characters, who engage in
condomless anal intercourse and do not regularly undergo HIV
testing, and are negatively affected (eg, infected with HIV or
STI); and (3) transitional characters, who once engaged in risky
sexual behaviors and suffered negative consequences and then
adopted more positive attitudes and behaviors. Role modeling
has been adopted in previous entertainment-education programs
for HIV prevention [37,39]. Maximum variation sampling was
used to recruit 2 to 3 HIV-positive and 6 to 7 HIV-negative
narrators with different experiences and backgrounds [51].
Criteria for all narrators were (1) men who have sex with men;
(2) age ≥18 years; (3) Hong Kong residents; (4) able to speak
Cantonese fluently; and (5) of sufficient mental and physical
capability to take part in a 2-hour interview. Criteria for
HIV-positive narrators were (1) confirmed or high probability
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of having acquired HIV by sexual transmission; (2) encountered
negative experiences due to living with HIV; (3) once or
currently undergoing antiretroviral treatment; and (4) having
engaged in any condomless anal intercourse with male sex
partners prior to the diagnosis. Criteria for HIV-negative
narrators were (1) having undergone at least 1 HIV test in the
previous year, with the most recent test having yielded a
negative result; (2) consistently used condoms with male sex
partners (in every sexual encounter in the previous year); and
(3) having positive perceptions about condom use for HIV
prevention. Prospective narrators were nominated and
approached by the research team and a collaborating
nongovernmental organization (AIDS Concern). A survey was
administered to establish their eligibility and to create a profile
for each individual, with background information (eg, age and
sexual partnership) and specific experiences related to HIV
prevention (eg, contracting HIV/STI infections, engaging in
condomless anal intercourse).

Developing Persuasive Messages in Narrative and
Argumentation Formats
Biographic-Narrative Interpretive Method [52,53] was employed
to elicit narratives for the development of health promotion
messages. A semistructured interview guide was drafted around
the proposed topics and tailored to each narrator’s profile. Two
interviewers (MX and NK) and a professional camera operator
were involved in the individual interviews with each of the
selected narrators. One of the interviewers (NK) was a senior
practitioner from the collaborating nongovernmental
organization who had rich experience in providing community
support services to local men who have sex with men; he took
a leading role in the narrative interviews and preinterview
negotiations, particularly with HIV-positive narrators, to ensure
that the questions were delivered in a comfortable and respectful
manner.
Interviewers first briefed the narrator on interview procedures
and established rapport. Individual interviews started with a
single question that was thematically or temporally focused, to
elicit narratives of personal experiences, such as life after being
diagnosed as HIV positive or an occasion of safe sex practices
at a gay venue. Narrators were free to tell their story in the
manner of their choosing (to provoke the narration within their
own system of relevancy), and interviewers merely provided
nondirectional facilitative support. Keyword notes were also
taken to document the topics of interest arising in the original
narrative, which helped inform follow-up questions for
additional narrative to enrich the overarching story. After
narrative-seeking questions, interviewers asked additional
questions about topics that had not been raised or for purposes
other than narrative extraction (eg, to make a persuasive appeal
to the audience).
Videorecordings of the interviews were transcribed. Framework
analysis was conducted to develop themed narrative messages
using NVivo (version 11, QSR International) in 5 steps [54]:
(1) familiarizing: carefully reading the transcripts and
observational notes to gain a comprehensive understanding of
the data; (2) framing: devising and refining a coding framework
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drawn on both predefined and emergent themes and subtopics;
(3) indexing: systemically sorting original narrative quotations
within the thematic framework; (4) charting: grouping indexed
narratives from different narrators for each coded subtopic; (5)
mapping: aggregating subtopics and corresponding quotations
in a coherent manner under each of the 6 session themes to
generate collective narrative messages. For each subtopic,
argumentative messages were drafted based on the narrative
content, by presenting didactic statements, factual claims, logical
reasons, and statistical evidence.

Producing Intervention Videos and a Web-Based
Delivery Platform
The videorecordings of the original narratives were segmented
and re-organized to create 6 videos for the themes derived from
the framework analysis. A background profile was presented
for each narrator at first appearance in the videos; persuasive
appeals from 1 or 2 narrators were used as epilogues. Videos
were sent to the narrators to get their approval. Three male
speakers (a nongovernmental organization staff and 2 research
assistants) were invited to deliver scripted, videorecorded
argumentative messages for each theme. Supplementary
material, such as openings, subtitles, images, and background
music, were added, and the finalized videos were programmed
into 6 intervention sessions. Each included 2 videos with
narrative (15-20 minutes) and argumentative (8-10 minutes)
messages and a postvideo quiz set to enhance participants’
dedication to intervention content. The narrative videos were
longer than the topic-equivalent argumentative videos due to
the inherent natures of storytelling (ie, portraying a series of
events) and argumentation (ie, listing facts and evidence). A
dedicated website was developed to deliver intervention sessions
automatically, and a content management system was
established for real-time monitoring of engagement in the
program.

Results
Narrator Characteristics
A total of 36 men who have sex with men were screened, and
9 men were selected as narrators (Table 1). Two men, who had
been diagnosed as HIV-positive 3 years prior, served as negative
role-model narrators. The other men had recent HIV-negative
test results (within 1 year): 3 men had never engaged in
condomless anal intercourse with a male sex partner in their
lifetime, and thus, served as positive role-model narrators; 4
men had once engaged in condomless anal intercourse but had
consistently used condoms in the past year, and thus, served as
transitional role-model narrators.
Narrators had varying sexual practices (Table 2): 3 had regular
partners, and 5 had casual partners; 4 had engaged in both
insertive (taking a top role) and receptive (taking a bottom role)
anal intercourse; 6 had engaged in casual fun—anal intercourse
with casual sex partners in collective sex environments (eg, gay
saunas, group sex events [55]); 5 had engaged in chem-sex—anal
intercourse while under the influence of psychotropic substances
(eg, methamphetamine).
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Table 1. Background characteristics of the 9 narrators.
Age
(role model type) (years)

Employment

Years as membera

HIVb status

History of other STIsc
(type)

Type of HIV testing venues
visited

A (negative)

24

Unemployed

Not disclosed

Positive

Yes (syphilis)

Community organization

B (negative)

24

Unemployed

>10

Positive

No

Public social hygiene clinic

C (transitional)

30

Full-time

>10

Negative

Yes (urethritis, pubic
lice)

Public social hygiene clinic;
community organization

D (positive)

38

Full-time

>10

Negative

No

Community organization;
private clinic

E (transitional)

26

Full-time

>5

Negative

No

Public social hygiene clinic;
community organization

F (transitional)

36

Full-time

>10

Negative

Yes (syphilis)

Community organizations

G (positive)

30

Full-time;

>10

Negative

No

Public social hygiene clinic;
community organization

Narrator

Part-time

a

H (transitional)

32

Full-time

>10

Negative

No

Community organization

I (positive)

22

Student

>5

Negative

No

Community organization

Period between self-identification as homosexual or bisexual and involvement in the local community of men who have sex with men.

b

HIV: human immunodeficiency virus.

c

STIs: sexually transmitted infections.

Table 2. Characteristics of the 9 narrators related to sexual practices (ie, anal intercourse with male sex partners prior to diagnosis or in the past year).
Sexual partnership Sexual role

Consistent condom usea

Casual funb (venue)

Chem-sexc (drug typed)

A (negative)

Not recorded

Not recorded

No

No

No

B (negative)

Not recorded

Not recorded

No

Yes (gay sauna; private party)

Yes (meth, g water, foxy,
rush poppers)

C (transitional)

Regular; casual

Top; bottom

Yes (recent)

Yes (gay sauna; private party)

Yes (rush poppers)

D (positive)

Regular

Top

Yes (lifetime)

No

No

E (transitional)

Casual

Top; bottom

Yes (recent)

Yes (gay sauna)

Yes (meth, g water, foxy)

F (transitional)

Casual

Bottom

Yes (recent)

Yes (gay sauna)

Yes (meth, foxy, ecstasy)

G (positive)

Regular

Top

Yes (lifetime)

No

Yes (rush poppers)

H (transitional)

Regular; casual

Top; bottom

Yes (recent)

Yes (gay sauna)

No

I (positive)

Casual

Top; bottom

Yes (lifetime)

Yes (gay sauna)

No

Narrator
(role model type)

a

The response recent referred to having once engaged in any condomless anal intercourse in lifetime but consistently using condoms within the past
year; the response lifetime referred to having never engaged in condomless anal intercourse in lifetime.
b

This refers to engaging in anal intercourse with casual sex partners at any local public venues.

c

This refers to taking illicit drugs during or prior to anal intercourse.

d

Meth, g water, foxy (ie, foxy methoxy), rush poppers, and ecstasy as slang for methamphetamine; gamma hydroxybutyrate/gamma butyrolactone;
5-methoxy-N,N-diisopropyltryptamine; inhalant alkyl nitrites; and 3,4-methylenedioxy-methamphetamine, respectively, were reported.

Topics and Contents of Persuasive Messages
There are 6 intervention sessions in total (Table 3); all sessions
start with persuasive messages in the narrative format. The first
session (A New Era of HIV Prevention) introduces the outcomes
of HIV infection in the era of potent antiretroviral therapy. The
HIV-positive peers narrate their experiences of receiving a
diagnosis and living with HIV, with a focus on the severity of
infections, negative influences on physical health and personal
life, and co-infections with other STIs. The second session
(Partnership and Protected Sex) includes experiences of condom
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use with different types of sexual partners, including actively
negotiating condom use and making sexual decisions, resisting
sexual pressure from partners, and balancing emotional
relationships and safe sex practices. The third session (Casual
Fun and Protected Sex) presents both obstacles to condom use
experienced in high-risk contexts (eg, dark rooms in gay saunas
and group sex parties) and practical skills for coping with
unintentional condomless anal intercourse. The fourth session
(Chem-Sex) focuses on potential exposure to psychotropic
substances at local gay venues, negative influences of substance
use on sexual practices and physical health, and problems related
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to drug addiction. The fifth session (Efficacy of Condom Use)
focuses on consistent and correct condom use for anal
intercourse as well as its efficacy in preventing STIs. The last
session (HIV Testing) includes experiences of undergoing HIV
testing and counseling at different service sites and emphasizes
the importance of regular testing while adhering to safe sex

practices. Each narrative video ends with narrators appealing
to the listeners. For example, the first session includes a positive
message from a HIV-positive narrator; he talks about gradually
accepting and recognizing his infection status, adhering to
treatment, and having hope for a new future.

Table 3. An overview of topics in the narrative messages for each intervention session.
Themes and subtopics of narrative messages

Message sources (narrator and role model type)

Session 1: A New Era of HIV Prevention
1. HIV diagnosis

A (negative) and B (negative)

2. Life impact of living with HIV

A (negative) and B (negative)

3. Problems encountered during HIV treatment

A (negative) and B (negative)

4. Co-infection with other sexually transmitted diseases

A (negative)

Session 2: Partnership and Protected Sex
1. Active communication about condom use and assessment
of partner(s)’ HIV risk

D (positive), C (transitional), and E (transitional)

2. Assertive responses to unwanted condomless sex

A (negative), D (positive), G (positive), C (transitional), and E (transitional)

3. Barriers to condom use when in an emotional relationship

D (positive), G (positive), C (transitional), and E (transitional)

Session 3: Casual Fun and Protected Sex
1. Risk of condomless sex with casual partners and norm about B (negative), D (positive), I (positive), C (transitional), E (transitional), and F
condom use at gay saunas
(transitional)
2. Unintentional condomless sex encountered during casual
fun

B (negative), D, I (positive), C (transitional), E (transitional), and F (transitional)

3. Contextual risk of group sex parties

B (negative), D (positive), C (transitional), and H (transitional)

Session 4: Chem-Sex
1. Impact of drug abuse on sexual practices

B (negative), E (transitional), F (transitional), and H (transitional)

2. Impact of drug abuse on other health outcomes

B (negative), D (positive), C (transitional), E (transitional), and F (transitional)

3. Exposure to drugs when seeking sex

B (negative), D (positive), G (positive), I (positive), C (transitional), E (transitional), and F (transitional)

4. Drug addiction

B (negative), E (transitional), and F (transitional)

Session 5: Efficacy of Condom Use
1. Protective efficacy of condom use

D (positive), G (positive), I (positive), and E (transitional)

2. Correct condom use

D (positive), I (positive), C (transitional), and E (transitional)

3. Consistent condom use

D (positive), G (positive), C (transitional), F (transitional), and G (transitional)

Session 6: HIV Testing
1. Local HIV testing services

D (positive), G (positive), C (transitional), E (transitional), and H (transitional)

2. Regular HIV testing

A (negative), G (positive), I (positive), C (transitional), and H (transitional)

The topic-equivalent argumentative messages are delivered after
narratives. For example, for the subtopic Consistent condom
use (in Session 5), the narrative presents experiences of
condomless sex and STI infections from an HIV-positive
narrator, and the argumentative message is
If the sexual partner is HIV-positive, one could get
infected through only a “single” episode of
unprotected sexual encounter, ...research studies
demonstrated that there was no significant difference
in HIV risk between men who have sex with men who
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“inconsistently use condoms” and those who “have
never ever used condoms.”
After videos, a quiz question is asked. For example, “According
to the video messages, what type of immune cell was primarily
attacked by HIV?” One correct response options (“CD4 cell”)
and 2 false response options (“CD3 cell” and “CD8 cell”) are
provided. Feedback and reinforcement are not given after the
quiz, although users can return to the video during and after the
quiz.
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Web-Based Intervention Program
The program website can deliver the intervention automatically
in a standardized manner: the 6 intervention sessions can be
released sequentially on a weekly basis, and each session is
accessible upon completion of the preceding session. Users can
be assigned a unique password-protected account to access
intervention content within a 6-week period, and activities are
automatically recorded (eg, the dates and time of completing
an intervention video). The program can also send out reminders
when a new session is released, or users fail to engage in any
activity for 2 to 3 weeks.

Discussion
General
We developed a theory-based and evidence-based narrative
communication intervention for HIV prevention among men
who have sex with men. The communication strategies used by
this intervention program to enhance the potential narrative
efficacy can be systematically discussed within the 4 basic
components of health communication: message, source,
recipient, and channel [12].

Message
Narratives took the form of firsthand experiential stories, in
contrast to commonly used fictional stories [12]. To maintain
the authenticity of personal experience narratives, which is the
key to exploiting its advantages (ie, being perceived as credible,
evoking high engagement and inhibiting counterarguing) over
those of professionally generated stories in persuasion [15,56],
we used well-developed methods for biographic narrative
interviews to obtain stories [52]. The narrators were always
given the space and time to narrate without any interruption;
while the interviewers performed active listening by
intermittently giving prompts, with nonverbal posture or
empathetic and unobtrusive mirroring of the emotions expressed,
throughout the storytelling. In addition, the intervention
messages were produced by directly extracting biographic
accounts from the videorecorded interview. Narratives conveyed
in first-person are more effective than third-person narratives
for STI prevention [35], because an individual is more likely
to mentally embody characters’ perspectives (ie, identification
with characters) [57]. These strategies also strengthened the
incorporation of cultural codes including visual presentations,
language, and idioms that could heighten narrative engagement
[58]. Furthermore, this narrative intervention featured
subsequent provision of argumentative support. The
argumentative messages were developed to match the themes
and subtopics of the narrative messages, to reinforce the
predisposition created by narrative persuasion but to avoid
provoking counterargument [18].

Source
Collective narratives were extracted from a maximum variation
sample of local men who have sex with men peers in this study
to improve the comprehensiveness of persuasive content [15]
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and appeal to different audience segments [25]. The diversity
of narrators allowed 3 types of characters to be established. The
transitional role model was utilized the most in order to reduce
selective avoidance of counterattitudinal messages about HIV
prevention [19] and increase perceived homophily and realism
of the characters, and thus, facilitate narrative processing [18],
and enhance self-efficacy in changing risky sexual behaviors
[59]. Positive and negative role models were also used to
reinforce the consistency of condom use. Moreover, biographic
narratives were a representation of the narrators’ views of their
own life-course, beliefs, interpretative schemata, and principles
of judgement [52], which provided authentic and comprehensive
portrayals of the characters, and in particular, avoided fostering
negatively biased images of HIV-positive peers. For instance,
the narrators with a history of HIV/STI shared their experiences
of infection and risky sexual encounters as well as how they
strived to adhere to treatments and improve their HIV-preventive
behaviors.

Recipients
The targeted recipients are Chinese men who have sex with
men, a highly marginalized community where members are
strongly connected to each other [60]; social norms and
community involvement have been found to be positively
associated with their HIV-preventive behaviors [61,62]. To
produce culturally authentic messages and engage the recipients
[9], members of the local men who have sex with men
community were actively involved throughout the intervention
development, including determining persuasive topics, screening
eligible narrators, assisting in narrative interviews, and
generating and delivering intervention messages. Such
participatory strategies can be applicable to other similar
contexts where the community tend to share motives and values
regarding health behavior.

Channel
The intervention comprises web-based videos. Video-based
narratives have demonstrated strengths in building affection,
facilitating identification with characters, and message
elaboration, thereby promoting behavior changes [29,63,64].
Narrators’ ability to organize and articulate stories in
videorecorded interviews were carefully evaluated during the
recruitment. The web-based delivery platform allows navigation
of the content at the user’s own pace without the presence of
researchers; users are less likely to mask emotional responses
and experience greater immersion when they view narratives
alone [56].

Conclusions
In response to the call for innovative health communication
approaches for HIV prevention, this paper describes the
scientific rationale and rigorous procedure of applying narrative
persuasion to promote HIV-preventive behaviors among men
who have sex with men. This web-based narrative
communication intervention can be easily replicated in other
contexts and can be incorporated into comprehensive HIV
prevention services.
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Abstract
Background: Atrial fibrillation (AF) is related to a variety of chronic diseases and life-threatening complications. It is estimated
that by 2050, there will be 72 million patients with AF in Asia, of which 2.9 million will have AF-associated stroke. AF has
become a major issue for health care systems.
Objective: We aimed to evaluate the effects of a web-based integrated management program on improving coping strategies,
medication adherence, and health-related quality of life (HRQoL) in patients with AF, and to detect the effect on decreasing
readmission events.
Methods: The parallel-group, single-blind, prospective randomized controlled trial recruited patients with AF from a medical
center in northern Taiwan and divided them randomly into intervention and control groups. Patients in the intervention group
received the web-based integrated management program, whereas those in the control group received usual care. The measurement
tools included the Brief Coping Orientation to Problems Experienced (COPE) scale, Medication Adherence Rating Scale (MARS),
the three-level version of the EuroQoL five-dimension self-report questionnaire (EQ-5D-3L), and readmission events 2 years
after initiating the intervention. Data were collected at 4 instances (baseline, 1 month, 3 months, and 6 months after initiating the
intervention), and analyzed with generalized estimating equations (GEEs).
Results: A total of 231 patients were recruited and allocated into an intervention (n=115) or control (n=116) group. The mean
age of participants was 73.08 (SD 11.71) years. Most participants were diagnosed with paroxysmal AF (171/231, 74%), and the
most frequent comorbidity was hypertension (162/231, 70.1%). Compared with the control group, the intervention group showed
significantly greater improvement in approach coping strategies, medication adherence, and HRQoL at 1, 3, and 6 months (all
P<.05). In addition, the intervention group showed significantly fewer readmission events within 2 years (OR 0.406, P=.03),
compared with the control group.
Conclusions: The web-based integrated management program can significantly improve patients' coping strategy and medication
adherence. Therefore, it can empower patients to maintain disease stability, which is a major factor in improving their HRQoL
and reducing readmission events within 2 years.
Trial Registration: ClinicalTrials.gov NCT04813094; https://clinicaltrials.gov/ct2/show/NCT04813094.
(J Med Internet Res 2021;23(9):e30107) doi:10.2196/30107
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Introduction
Atrial fibrillation (AF) is related to a variety of chronic diseases
and life-threatening complications [1]. Owing to progressive
aging of the population and the force of unhealthy lifestyles,
the global incidence of AF is expected to achieve a twofold
increase in the next decade [2]. According to the 2010 Global
Burden of Disease Study report, approximately 33 million
people worldwide suffer from AF [3]. It is estimated that by
2050, there will be 72 million AF patients in Asia, of which 2.9
million will have AF-associated stroke [4]. Compared with
Europe and the United States, the population of AF has increased
more rapidly in Asia [5-7], suggesting that AF has become a
major issue for Asian health care systems.
The asymptomatic nature of AF often makes patients unaware
of the subsequent stroke [2]. Nearly 40% of AF patients suffer
from cerebrovascular accidents for this reason [1,8,9]. AF is
the most common cause of cardioembolic stroke, which is
particularly severe in terms of high mortality and serious
disability [2]. The complications of AF lead to frequent visits
to the emergency department, hospitalization and readmission,
and impaired quality of life [10-12].
Anticoagulation is the preferred medical intervention to prevent
stroke in patients with AF [7]. Nonetheless, a European clinical
trial showed that nearly 40% of patients with AF withdrew
anticoagulants within 1 year following the initiation of the
treatment [13]. In fact, compliance to anticoagulants decreases
with time in patients with AF [14], which is a major factor
contributing to stroke in this population [15,16]. As such,
anticoagulant incompliance worsens the prognosis of AF in
terms of increased readmission and mortality rates [17-19].
Ensuring anticoagulant adherence in patients with AF is an
important issue for stroke prevention and disease recovery.
AF frequently occurs in patients with multiple concurrent
chronic diseases including hypertension, ischemic heart disease,
and heart failure, which increase the number of medications
used. Patients taking several medications have many adverse
effects and tend to be noncompliant to treatments [20].
Therefore, advanced and integrated disease management
programs are essential for AF patients to achieve successful
disease control [21]. Prior studies support the use of eHealth to
assist patients in conducting advanced disease management. A
few randomized controlled trials had investigated the impact
of eHealth on medication adherence in patients with AF for 3
months [22,23]. Although the use of eHealth management
significantly improved medication adherence at 3 months after
intervention, the long-term effects on medication adherence
remain to be investigated [24]. Again, integrated management
aims to improve patients' disease knowledge and empower
patients to manage their disease [9,24,25]. Integrated
management needs the involvement of patients and
multidisciplinary AF teams. Multidisciplinary professionals
using technological support such as eHeath provide disease
information and self-care skills to AF patients [9]. As a result,
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advanced and integrated disease management programs are
expected to improve medication adherence and disease control
in patients with AF.
In this study, we aimed to evaluate the effects of a web-based
integrated management program on improving coping strategies,
medication adherence, and health-related quality of life
(HRQoL) in patients with AF, and to detect its effect on
decreasing readmission events. Therefore, we have two
hypotheses. The first hypothesis is that the AF patients receiving
the web-based integrated management program in the
intervention group would use more approach coping strategies
and improve their medication adherence and HRQoL compared
with the patients in the control group. The second hypothesis
is that the patients in the intervention group would have fewer
2-year readmission events than the patients in the control group.

Methods
Design
This study was a prospective, single-blind, randomized
controlled trial with repeated measurements to determine the
effects of a 6-month web-based integrated management program
on improving the coping strategy, medication adherence, and
HRQoL, and decreasing 2-year readmission events in patients
with AF. Data were collected from October 2018 to January
2021. We collected the data at 4 time points: baseline (prior to
randomization, T0), 1 month after beginning the intervention
(T1), after completing 3 months of the intervention (T2), and
after completing 6 months of the intervention (T3).

Participants
Participants were recruited from the cardiovascular outpatient
department at a medical center in northern Taiwan through
convenience sampling. Patients were included if they met the
following criteria: (1) diagnosed with AF by cardiologists, (2)
receiving anticoagulant treatment, (3) aged above 20 years, (4)
able to speak and read Taiwanese or Mandarin to understand
and follow instructions, and (5) able to use a mobile phone or
computer correctly. The exclusion criteria included the
following: (1) diagnosed with mental disorders or (2) involved
in other clinical trials.
In total, 324 patients were screened in the cardiovascular
outpatient department, and 258 patients were eligible to be
included. Among the eligible patients, 26 patients refused to
participate. The remaining 232 participants were randomly
assigned into 2 groups by blocked randomization using a
web-based system [26]. Finally, 116 participants were assigned
into the intervention group and 116 participants were assigned
into the control group. The patients in the intervention group
received the web-based integrated management program,
whereas those in the control group received consultations and
were coached thrice by a research nurse over telephone.
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Ethical Considerations
This study was approved by the Institutional Review Board of
the participating hospital (IRB: 2-107-05-081; ClinicalTrials.gov
NCT04813094) and conducted in accordance with the principles
of the Declaration of Helsinki revised in 2000. A research nurse
explained the research process to each participant and obtained
informed consent from them. We ensured that the participants
were kept anonymous. In addition, participants were informed
that they had the right to withdraw from the study at any time
for any reason.

Study Interventions
The web-based integrated management program was conducted
in the cardiovascular outpatient department. Participants had
their own account and password to log in to the web-based
program via mobile phones or computers. The program included
five domains: patient information collection, instructions on
AF knowledge, instructions on anticoagulation medicine,
self-monitoring of symptoms, and professional consultation. In
the patient information collection domain, the participants were
able to provide and read their information, including age, gender,
years of education, type of AF, modified European Heart
Rhythm Association (mEHRA) classification, comorbidities,
and use of anticoagulation medication. In the instructions on
AF knowledge domain, participants were able to receive
information about AF through texts and videos, including an
introduction to AF, the risk factors and symptoms of AF, how
to prevent stroke in patients with AF, and how to manage a
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healthy lifestyle. The videos were also available in Taiwanese
and Mandarin. In the instructions on anticoagulation medicine
domain, the participants were able to obtain descriptions about
a variety of anticoagulant medicines. There was textual
information about anticoagulant medicines, such as the
effectiveness and adverse effects of these medicines, and
precautions to be taken, as well as pictures of the corresponding
medicines to serve as references for the participants. In the
self-monitoring of symptoms domain, participants could provide
record their symptoms every day, which could assist them in
monitoring their disease progress and provide cardiologists with
references to regulate their treatment. In the professional
consultation domain, participants could receive consultations
from multidisciplinary professionals on any issues related to
AF at any time. All the participants had their own private
consultations with clinical professionals. The research nurse
also sent messages every day to monitor the participants'
condition through the messaging function of this domain. When
the participants had an emergency event, they could receive
help to manage this situation through textual information or
telephonic coaching (Figures 1 and 2).
After face-to-face presentations, we ensured that the participants
fully understood the instructions for using this web-based
program by the return demonstration method. We reviewed
their understanding of the program at the next outpatient visit.
In addition, we instructed participants on managing AF and
anticoagulant treatment through the web-based program and
provided the AF management manual to them.

J Med Internet Res 2021 | vol. 23 | iss. 9 | e30107 | p.282
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Hsieh et al

Figure 1. Screenshot of the Atrial Fibrillation Integrated Management Program. BH: body height; BW: body weight; po: per os (Latin term meaning
orally) QD: qaque die (Latin term meaning one a day).
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Figure 2. Screenshot showing self-monitoring of symptoms. AF: atrial fibrillation; BH: body height; BW: body weight; HR: heart rate; BP: blood
pressure; DBP: diastolic blood pressure; SBP: systolic blood pressure.

Control Group
Patients in the control group received standard instructions. The
AF management manual was provided to them with
explanations. In addition, we provided telephonic coaching
thrice, which taught participants how to manage their disease
at 1 month, 3 months, and 6 months after random assignment.

Measurements
The Clinical and Demographic Information Form
Demographic and clinical characteristics, including age, gender,
education, marital status, type of AF, mEHRA classification,
comorbidities, and use of anticoagulation medicine, were
recorded before random assignment. The mEHRA classification
was used to categorize AF patients according to their symptom
severity. The mEHRA classification has five levels including
class I, none; class IIa, mild; class IIb, moderate; class III,
severe; and class IV, disabling [9].
https://www.jmir.org/2021/9/e30107
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Coping Strategies
The participants’ coping strategies were measured using the
Brief Coping Orientation to Problems Experienced (COPE)
scale [27]. This 28-item instrument contains 2 subscales:
approach coping (8 items) and avoidance coping (6 items). The
approach coping strategies show how individuals actively seek
resources to deal with their health problems (active coping,
planning, positive reframing, acceptance, humor, religion, and
using instrumental and emotional support). The avoidance
coping strategies show how individuals attempt to divert
attention away from events (self-distraction, denial, venting,
substance use, behavioral disengagement, and self-blame) [28].
A higher score indicated that the patient often uses this coping
strategy. In this study, the Brief COPE was translated into
Chinese. The content validity for the Chinese version of the
Brief COPE was examined by five cardiology experts. The
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content validity index was 0.83. A previous study reported that
the Cronbach α of each item ranged between .50 and .90 [27].

Medication Adherence
The participants’ medication adherence was measured by the
Medication Adherence Rating Scale (MARS) [29]. This
instrument includes three domains: medication adherence
behavior, attitude toward taking medication, and attitude toward
the adverse effects of medication. Each item has two options.
Participants choose an answer based on their prescription. The
total possible score ranges from 0 to 10. A higher score indicates
better medication adherence. In this study, the MARS was
translated into its Chinese version. The content validity of the
Chinese version was examined by five cardiology experts. The
content validity index was 0.92. The Cronbach α of the MARS
was .75 [29].

HRQoL Measurement
The participants’ HRQoL was measured by the three-level
version of the EuroQol five-dimension self-report questionnaire
(EQ-5D-3L). The instrument includes 2 subscales: the EQ-5D
descriptive system (5 items) and EuroQol visual analog scale
(EQ-VAS). The EQ-5D descriptive system had five domains:
mobility, self-care, usual activities, pain/discomfort, and
anxiety/depression. Each item was rated at 3 levels: no problems
at level 1 and extreme problems at level 3. The scores were
converted into a single summary score. The EQ-VAS was a 20
cm visual analog scale to let participants self-assess their health
status. The range of the EQ-VAS was from 0 to 100. A high
score indicated the best state of health. We used the Chinese
version of the EQ-5D-3L, which has adequate validity and
reliability [30].

Readmission Events Within 2 Years
After recruiting the patients in the study, we followed their
readmission events for 2 years. We collected these data through
chart reviews of each participant.

Data Analysis
Statistical analyses were conducted using SPSS (version 23.0;
IBM Corp). Categorical variables were reported as frequencies
and percentages, and continuous variables with normal
distributions were reported as means with SDs. The initial
differences between groups for demographic characteristics and
the baseline scores of each scale were examined with
independent t and chi-square tests. The effects of the web-based
integrated management program on the coping strategy,
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medication adherence, HRQoL, and readmission events were
examined using a generalized estimating equation (GEE) [31].
The significance level was defined by a two-tailed t test with
P<.05.
We used univariate logistic regression to assess the association
between patient characteristics, including group assignment,
and readmission events within 2 years and identify the predictor
variables. The readmission event within 2 years was coded as
the dependent variable with 1 denoting a readmission event
within 2 years after intervention and 0 denoting no readmission
event within 2 years after intervention. The predictor variables
with P<.20 were eligible for inclusion in the multivariable
logistic regression model for measuring the outcome. In the
multivariable logistic regression model, predictor variables with
two-tailed t tests and P<.05 were considered significant [32].
We used the GPower (Version 3.1, Heinrich-Heine-Universität
[33]) procedure with an α value of .05, a medium effect size of
0.25, and sample size of 231 to conduct a post hoc statistical
power analysis [33]. Finally, the statistical power of this study
was greater than 0.8.

Results
Participant Characteristics
A total of 258 patients were recruited from the outpatient
department of the study hospital according to the inclusion
criteria. Of these patients, 26 refused to participate. At the end
of the study, the complete data of 115 participants in the
intervention group and 116 participants in the control group
were included for the statistical analysis. One participant in the
intervention group was lost to follow-up owing to emigration
(Figure 3). The mean age of the participants was 73.08 (SD
11.71) years. Half of the participants were male (116/231,
50.2%), and over half of the participants were married (155/231,
67.1%). Most participants were diagnosed with paroxysmal AF
(171/231, 74%), and the most frequent comorbidity was
hypertension (162/231, 70.1%). Assessing the classification of
AF symptoms through mEHRA indicated that 44.6% (103/231)
of the participants were class I, 22.9% (53/231) were class IIa,
14.7% (34/231) were class IIb, and 17.7% (41/231) were class
III. Approximately 36.4% (84/231) of the participants received
rivaroxaban, and 27.3% (63/231) received apixaban. There were
no significant differences in the demographic and clinical
characteristics, and the baseline scores of each scale between
the two groups (Table 1).
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Figure 3. Flow diagram showing the inclusion of patients with atrial fibrillation in the two groups for the randomized control trial.

https://www.jmir.org/2021/9/e30107

XSL• FO
RenderX

J Med Internet Res 2021 | vol. 23 | iss. 9 | e30107 | p.286
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Hsieh et al

Table 1. Baseline characteristics of the study participants (N=231) and differences between groups.
Characteristic

Total (N=231)

Intervention group (n=115)

Control group (n=116)

P value

Age (years), mean (SD)

73.08 (11.71)

71.57 (13.16)

74.57 (9.9)

.052

Gender, n (%)

.19

Male

116 (50.2)

63 (54.8)

53 (45.7)

Female

115 (49.8)

52 (45.2)

63 (54.3)

Education (years), n (%)

.19

<6 years

98 (42.4)

42 (36.5)

56 (48.3)

6-12 years

84 (36.4)

46 (40)

38 (32.8)

>12 years

49 (21.2)

27 (23.5)

22 (19)

Marital status, n (%)

.75

Single

6 (2.6)

4 (3.5)

2 (1.7)

Married

155 (67.1)

78 (67.8)

77 (66.4)

Divorced

7 (3)

4 (3.5)

3 (2.6)

Widowed

63(27.3)

29 (25.2)

34 (29.3)

a

.17

Type of AF, n (%)
Paroxysmal AF

171 (74)

85 (73.9)

86 (74.1)

Persistent AF

21 (9.1)

14 (12.2)

7 (6)

Permanent AF

39 (16.9)

16 (13.9)

23 (19.8)

mEHRA,b n (%)

.88

mEHRA I

103 (44.6)

52 (45.2)

51 (44)

mEHRA IIa

53 (22.9)

28 (23.4)

25 (21.6)

mEHRA IIb

34 (14.7)

15 (13)

19 (16.4)

mEHRA III

41 (17.7)

20 (17.4)

21 (18.1)

mEHRA IV

0 (0)

0 (0)

0 (0)

Hypertension

162 (70.1)

77 (67)

85 (73.3)

.32

Diabetes mellitus

61 (26.4)

26 (22.6)

35 (30.2)

.23

14 (6.1)

7 (6.1)

7 (6)

.99

Valve heart disease

77 (33.3)

36 (31.3)

41 (35.3)

.58

Valve heart disease

77 (33.3)

36 (31.3)

41 (35.3)

.58

Heart failure

78 (33.8)

39 (33.9)

39 (33.6)

.99

d

85 (36.8)

41 (35.7)

44 (37.9)

.79

Hyperthyroid

14 (6.1)

5 (4.3)

9 (7.8)

.41

Cancer

10 (4.3)

5 (4.3)

5 (4.3)

.99

Ticlopidine hydrochloride

1 (0.4)

1 (0.9)

0 (0)

.50

Dipyridamole

6 (2.6)

4 (3.5)

2 (1.7)

.45

Aspirin

17 (7.4)

10 (8.7)

7 (6)

.46

Apixaban

63 (27.3)

32 (27.8)

31 (26.7)

.88

Edoxaban

47 (20.3)

28 (24.3)

19 (16.4)

.14

Clopidogrel

10 (4.3)

3 (2.6)

7 (6)

.33

Dabigatran

7 (3)

3 (2.6)

4 (3.4)

.99

Comorbidities, n (%)

MI

c

CAD

Medication, n (%)

https://www.jmir.org/2021/9/e30107

XSL• FO
RenderX

J Med Internet Res 2021 | vol. 23 | iss. 9 | e30107 | p.287
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
Characteristic

Hsieh et al

Total (N=231)

Intervention group (n=115)

Control group (n=116)

P value

84 (36.4)

38 (33)

46 (39.7)

.34

Approach coping

26.1 (7.68)

25.6 (7.58)

26.6 (7.77)

.33

Avoidance coping

14.32 (6.04)

15.02 (6.6)

13.63 (5.36)

.08

7.07 (1.80)

7.17 (1.79)

6.97 (1.80)

.40

EQ-5Dh

0.62 (0.12)

0.61 (0.12)

0.63 (0.12)

.16

EQ-VASi

81.22 (6.48)

80.57 (7.079)

81.85 (5.79)

.13

Rivaroxaban
Questionnaires, mean (SD)
Brief COPEe

MARSf
HRQoLg

a

AF: atrial fibrillation.

b

mEHRA: modified European Heart Rhythm Association.

c

MI: myocardial infarction.

d

CAD: coronary arterial disease.

e

Brief COPE: Brief Coping Orientation to Problems Experienced.

f

MARS: Medication Adherence Rating Scale.

g

HRQoL: health-related quality of life.

h

EQ-5D: EuroQol five-dimension self-report questionnaire.

i

EQ-VAS: EuroQol visual analog scale.

Effects on Coping Strategies
The GEE model analysis showed a significant difference in the
scores of the approach coping subscale between the intervention
and control groups at 1 month (β=.792; 95% CI 0.143-1.172;
P<.001), 3-months (β=1.297; 95% CI 0.441-2.153; P=.003),
and 6 months (β=1.902; 95% CI 0.882-2.922; P<.001) (Table
2 and Figure 4).
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In addition, the intervention group showed a significantly higher
decrease in the scores of the avoidance coping subscale at 1
month (β=–2.284; 95% CI –2.885 to –1.683; P<.001), 3 months
(β=–2.602; 95% CI –3.511 to –1.694; P<.001), and 6 months
(β=–2.982; 95% CI –4.096 to –1.869; P<.001) compared with
the control group (Table 2 and Figure 4). These findings
indicated that the web-based integrated management program
helped participants to use more approach coping strategies and
less avoidance coping strategies in managing their AF-related
issues.
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Table 2. Generalized estimating equation analysis of the intervention effect on the Brief Coping Orientation to Problems Experienced scale (N=231).
β

95% CI

SEa

χ2

P value

–.995

–2.966 to 0.976

1.006

0.979

.32

Time (1-month, T1)c

.129

–0.070 to –0.329

0.102

1.618

.20

Time (3-months, T2)

.155

–0.479 to 0.789

0.323

0.230

.63

Time (6-months, T3)c

–.241

–0.989 to 0.506

0.381

0.401

.53

Intervention × T1d

.792

0.143 to 1.172

0.194

16.778

<.001

Intervention × T2d

1.297

0.441 to 2.153

0.437

8.816

.003

Intervention × T3d

1.902

0.882 to 2.922

0.520

13.362

<.001

1.388

–0.157 to 2.933

0.788

3.102

.078

Time (1 month, T1)c

2.388

1.856 to 2.920

0.272

77.383

<.001

Time (3 months, T2)

2.724

1.966 to 3.483

0.387

49.552

<.001

Time (6 months, T3)c

3.043

2.240 to 3.846

0.410

55.215

<.001

Intervention × T1d

–2.284

–2.885 to –1.683

0.307

55.471

<.001

Intervention × T2d

–2.602

–3.511 to –1.694

0.464

31.505

<.001

Intervention × T3d

–2.982

–4.096 to –1.869

0.568

27.554

<.001

Variable
Approach coping
Group (intervention)b
Time effects

Interaction effects

Avoidance coping
Group (intervention)b
Time effects

Interaction effects

a

SE: standard error.

b

Reference group: control group.

c

Reference group: time (baseline).

d

Reference group: group (control) × time (baseline).
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Figure 4. Mean scores of the approach and avoidance coping subscales for participants in the intervention and control groups. Brief COPE: Brief
Coping Orientation to Problems Experienced.

Effects on Medication Adherence
The GEE model analysis showed significant differences in the
scores of the MARS between the intervention and control groups
at 1 month (β=.326; 95% CI 0.034-0.618; P=.03), 3 months
(β=.595; 95% CI 0.24-0.95; P=.001), and 6 months (β=.606;
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95% CI 0.253-0.96; P=.001) (Table 3 and Figure 5). These
results indicated that after receiving the web-based integrated
management program, the AF patients showed significantly
better medication adherence than that shown by the patients in
the control group.
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Table 3. Generalized estimation equation analysis of the intervention effect on Medication Adherence Rating Scale (N=231).
β

95% CI

SEa

χ2

P value

.2

–0.262 to 0.661

0.2354

0.720

.40

Time (1-month, T1)c

.5

0.337 to 0.663

0.831

36.172

<.001

Time (3-months, T2)

.422

0.181 to 0.664

0.1232

11.752

.001

Time (6-months, T3)c

.716

0.499 to 0.932

0.1103

42.106

<.001

Intervention × T1d

.326

0.034 to 0.618

0.149

4.784

.03

Intervention × T2d

.595

0.240 to 0.950

0.181

10.818

.001

Intervention × T3d

.606

0.253 to 0.960

0.180

11.306

.001

Variable
Group (intervention)

b

Time effects

Interaction effects

a

SE: standard error.

b

Reference group: control group.

c

Reference group: time (baseline).

d

Reference group: group (control) × time (baseline).
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Figure 5. Mean scores of the Medication Adherence Rating Scale for participants in the intervention and control groups. MARS: Medication Adherence
Rating Scale.

Effects on HRQoL
The GEE model analysis showed no significant difference in
the EQ-5D scores between the 2 groups at 1 month (β=.042;
95% CI –0.014 to 0.980; P=.14). However, the patients in the
intervention group showed significantly higher EQ-5D scores
at 3 months (β=.082; 95% CI 0.028-0.137; P=.003) and 6
months (β=.19; 95% CI 0.13-0.25; P<.001) than the patients in
the control group (Table 4 and Figure 6).
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In addition, the GEE model analysis revealed significant
differences between the 2 groups in the EQ-VAS scores at 1
month (β=2.071; 95% CI 0.551-3.592; P=.008), 3 months
(β=3.838; 95% CI 2.169-5.506; P<.001), and 6 months
(β=5.782; 95% CI 3.837-7.727; P<.001) (Table 4 and Figure
6). These results indicated that the AF patients receiving the
web-based integrated management program showed a
significantly higher HRQoL improvement than that shown by
the patients in the control group.

J Med Internet Res 2021 | vol. 23 | iss. 9 | e30107 | p.292
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Hsieh et al

Table 4. Generalized estimating equation analysis of the intervention effect on health-related quality of life (N=231).
β

95% CI

SEa

χ2

P value

–.022

–0.053 to 0.010

0.016

1.717

.16

Time (1-months, T1)d

–.020

–0.055 to 0.015

0.018

1.255

.26

Time (3-months, T2)d

–.012

–0.041 to 0.017

0.015

0.642

.42

Time (6-months, T3)d

–.010

–0.059 to 0.040

0.025

0.153

.70

Intervention × T1e

.042

–0.014 to 0.098

0.285

2.168

.14

Intervention × T2e

.082

0.028 to 0.137

0.028

8.820

.003

Intervention × T3e

.190

0.130 to 0.250

0.031

38.222

<.001

–1.280

–2.941 to 0.382

0.848

2.278

.13

Time (1-months, T1)d

–1.802

–2.918 to –0.685

0.570

10.008

.002

Time (3-months, T2)d

–1.672

–2.800 to –0.545

0.575

8.447

.004

Time (6-months, T3)d

–1.043

–2.353 to 0.267

0.668

2.436

.12

Intervention × T1e

2.071

0.551 to 3.592

0.776

7.128

.008

Intervention × T2e

3.838

2.169 to 5.506

0.851

20.316

<.001

Intervention × T3e

5.782

3.837 to 7.727

0.992

33.946

<.001

Variable
b

EQ-5D score

Group (intervention)c
Time effects

Interaction effects

EQ-VASf score
Group (intervention)c
Time effects

Interaction effects

a

SE: standard error.

b

EQ-5D: EuroQol five-dimension self-report questionnaire.

c

Reference group: control group.

d

Reference group: time (baseline).

e

Reference group: group (control) × time (baseline).

f

EQ-VAS: EuroQol visual analog scale.
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Figure 6. Mean scores of the EuroQoL five-dimension self-report questionnaire and EuroQoL visual analog scale for participants in the intervention
and control groups. EQ-5D: EuroQoL five-dimension self-report questionnaire; EQ-VAS: EuroQoL visual analog scale.

Effects on Readmission Events Within 2 Years
During the study, we followed the readmission events within 2
years after intervention. A total of 34 readmission events
occurred. There were 11 readmission events in the intervention
group and 23 in the control group. The predictor variables with
P<.20 were based on univariate logistic regression. The predictor
variables meeting the criteria were patients aged over 65 years,
the mEHRA IIa class, comorbidities such as valvular heart
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disease and heart failure, receiving clopidogrel, and group
assignment (Table 5). According to the multivariate logistic
regression model, the intervention group showed significantly
fewer readmission events within 2 years (OR 0.406; 95% CI
0.178-0.926; P=.03) compared with the control group (Table
5). These results indicated that the patients with AF receiving
the web-based integrated management program had a lower
probability of readmission within 2 years, compared with the
control group.
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Table 5. Association between the web-based integrated management program and readmission events within 2 years (N=231).
Characteristic

Univariate
ORa (%)

Multivariate
95% CI

P value

OR (%)
b

95% CI

P value

Gender: male

1.136

0.548-2.356

.73

—

—

—

Aged over 65 years

0.574

0.253-1.300

.18

0.608

0.240 to –1.542

.30

Persistent AF

0.929

0.255-3.382

.91

—

—

—

Permanent AF

0.820

0.294-2.291

.71

—

—

—

mEHRA IIa

0.444

0.141-1.402

.17

0.378

0.112-1.269

.16

mEHRA IIb

0.725

0.225-2.340

.59

—

—

—

mEHRA III

1.754

0.720-4.272

.22

—

—

—

Hypertension

1.026

0.462-2.280

.95

—

—

—

Diabetes mellitus

1.004

0.440-2.291

.99

—

—

—

MIe

0.964

0.206-4.509

.96

—

—

—

Valvular heart disease

1.982

0.947-4.416

.07

2.200

0.994-4.870

.05

Heart failure

2.230

1.067-4.659

.03

1.907

0.851-4.272

.12

CADf

1.075

0.508-2.275

.85

—

—

—

Hyperthyroidism

1.038

0.222-4.857

.96

—

—

—

Cancer

1.477

0.300-7.271

.63

—

—

—

Dyslipidemia

1.123

0.530-2.379

.76

—

—

—

Ticlopidine hydrochloride

0

—

.99

—

—

—

Dipyridamole

1.164

0.132-10.279

.89

—

—

—

Aspirin

0.343

0.044-2.674

.31

—

—

—

Apixaban

1.132

0.508-2.525

.76

—

—

—

Edoxaban

1.247

0.524-2.965

.62

—

—

—

Clopidogrel

4.244

1.131-15.927

.03

4.240

0.843-21.324

.08

Dabigatran

0

—

.99

—

—

—

0.693

0.314-1.529

.36

—

—

—

0.428

0.198-0.925

.03

0.406

0.178-0.926

.03

Type of AFc

mEHRAd

Comorbidities

Medication

Rivaroxaban
Intervention group
a

g

OR: odds ratio.

b

Not applicable.

c

AF: atrial fibrillation. Reference group: Paroxysmal AF.

d

mEHRA: modified European Heart Rhythm Association. Reference group: mEHRA I.

e

MI: myocardial infarction.

f

CAD: coronary arterial disease.

g

Reference group: control group.

Discussion
Principal Findings
The main findings of this study were that the web-based
integrated management program significantly improved coping
https://www.jmir.org/2021/9/e30107
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strategies, medication adherence, and HRQoL in patients with
AF after 1, 3, and 6 months of intervention. In addition, the AF
patients receiving the web-based integrated management
program had a lower probability of readmission within 2 years
after intervention compared with the patients not receiving this
program.
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The findings of this study identified that the AF patients
receiving this program increased the usage of approach coping
strategies and decreased the usage of avoidance coping
strategies, as opposed to the patients in the control group.
Individuals who used approach coping strategies were able to
actively solve problems and conduct positive reappraisals [34].
As the patients were able to receive information immediately
and appropriately through this web-based program, they became
more confident in solving their problems. On the other hand,
the patients in the control group received the manual for AF
management to address their problems. They always complained
that they did not have sufficient disease information and
immediate discussions with clinical professionals when they
faced problems. They resorted to using more avoidance coping
strategies. Although avoidance coping strategies may be useful
in temporarily reducing stress, they increase suffering and
mortality, and decrease medication adherence and quality of
life [35-37].
Furthermore, in our study, patients receiving the web-based
program showed significant improvements in medication
adherence and HRQoL, which resulted from the improved
disease knowledge and empowerment to solve their problems.
Wang et al pointed out three reasons why knowledge may
improve medication adherence in patients with AF; first, they
become more knowledgeable about the importance of
anticoagulant treatment; second, they develop the ability to
detect the adverse effects of anticoagulant medicines; third, they
received more self-care information about managing the
symptoms of AF and adverse effects of the medicines [38]. In
addition, Ammenwerth et al suggested that integrated
management with eHealth schemes can increase motivated
lifestyles and adherence to medical recommendations, thereby
improving the health status and HRQoL [39]. Our findings were
consistent with those of previous studies [40,41]. All the findings
proved that patients were able to manage their treatment and
lifestyle by themselves through a web-based program providing
positive coping strategies and sufficient disease knowledge and
could therefore improve their medication adherence and
HRQoL.
To test the second hypothesis that the patients in the intervention
group would experience fewer 2-year readmission events than
those in the control group, we followed the readmission status
of AF patients for 2 years. Our findings showed significantly
fewer readmission events within 2 years in patients who received
the web-based integrated management program compared to
those in the control group. Marcolino et al proposed that
implementing web-based intervention programs can improve

Hsieh et al
communication between patients and medical providers and
provide assistance in disease management to promote health
recovery of patients [42]. In our study, through the web-based
integrated management program, direct communication between
the patients/their families and health professionals was possible
when the patients went back home. A randomized control trial
involving patients with heart failure showed that using a remote
medication monitoring system can greatly improve patients’
medication adherence and reduce all-cause readmission events.
It reduced the risk of readmission by 80% [43]. Our findings
were consistent with these previous ones [44,45]. Because of
the web-based integrated management program, we empowered
patients to change their coping strategies and increase their
compliance to medical treatment. Ultimately, it improved the
HRQoL and long-term beneficial clinical effects in patients
with AF in terms of reducing 2-year readmission events.

Conclusions
The study provides useful information for health care
professionals regarding web-based integrated management
programs for optimizing AF management. The most important
findings of the study are summarized as follows: The web-based
integrated management program can significantly improve
patients' coping strategies and medication adherence, and help
patients maintain disease stability, which has a major influence
on improving the HRQoL and reducing adverse clinical events
and readmission episodes. Overall, the program may improve
the quality of patient care while reducing medical costs.

Limitations
Some limitations of this study should be considered. First, the
sample may not reflect the entire AF population owing to the
disease severity of most patients being mild or moderate. If AF
patients had severe symptoms, they were hospitalized to receive
medical interventions. Therefore, most of the AF patients in the
community only had mild or moderate symptoms. However,
they still had very limited knowledge on self-managing their
symptoms. After receiving this program, they were able to take
care of themselves, leading to decreased readmission events.
Second, the single-center design limited the generalization of
the findings. Third, factors that affect medication adherence
and readmission, such as social support and economic status,
were not included in the present study. As there were no
differences in the educational levels and marital statuses of the
patients in the intervention and control groups, we assumed that
both groups of patients had similar social support levels and
economic statuses. Nevertheless, future studies should examine
these two factors and control their influence.
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Abstract
Background: Adherence to self-guided interventions tends to be very low, especially in people with depression. Prior studies
have demonstrated that enhancements may increase adherence, but little is known about the efficacy of various enhancements in
comparison to, or in combination with, one another.
Objective: The aim of our study is to test whether 3 enhancements—facilitator contact (FC), an online discussion board, and
virtual badges (VB)—alone, or in combination, improve adherence to a self-guided, web-based intervention for depression. We
also examined whether age, gender, race, ethnicity, comfort with technology, or baseline depression predicted adherence or
moderated the effects that each enhancement had on adherence.
Methods: Participants were recruited through web-based sources and, after completing at least 4 out of 7 daily emotion reports,
were sequentially assigned to 1 of 9 conditions—the intervention alone; the intervention plus 1, 2, or all 3 enhancements; or an
emotion reporting control condition. The intervention was a positive psychological program consisting of 8 skills that specifically
targeted positive emotions, and it was delivered over 5 weeks in a self-guided, web-based format. We operationalized adherence
as the number of skills accessed.
Results: A total of 602 participants were enrolled in this study. Participants accessed, on average, 5.61 (SD 2.76) of 8 skills.
The total number of enhancements participants received (0-3) did not predict the number of skills accessed. Participants who
were assigned to the VB+FC condition accessed significantly more skills than those in the intervention only conditions. Furthermore,
participants in arms that received the combination of both the VB and FC enhancements (VB+FC and VB+FC+online discussion
board) accessed a greater number of skills relative to the number of skills accessed by participants who received either VB or FC
https://www.jmir.org/2021/9/e25922
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without the other. Moderation analyses revealed that the receipt of VB (vs no VB) predicted higher adherence among participants
with moderately severe depression at baseline.
Conclusions: The results suggested that the VB+FC combination significantly increased the number of skills accessed in a
self-guided, web-based intervention for elevated depression. We have provided suggestions for refinements to these enhancements,
which may further improve adherence.
Trial Registration: ClinicalTrials.gov NCT02861755; http://clinicaltrials.gov/ct2/show/NCT02861755
(J Med Internet Res 2021;23(9):e25922) doi:10.2196/25922
KEYWORDS
mHealth; adherence; depression; discussion board; gamification; positive psychological intervention; mobile phone

Introduction

human-supported enhancements, may be necessary to maximize
adherence to self-guided programs.

Despite the fact that up to 20% of people in the United States
will experience depression over the course of their lives [1],
more than half will remain undiagnosed and untreated [2] for
a variety of reasons including treatment cost and geographic
inaccessibility [3,4]. Web-based self-help or self-guided
(eHealth) programs can overcome potential barriers associated
with conventional modes of treatment and may be particularly
useful for individuals who might not otherwise seek out
conventional face-to-face therapy [5]. However, eHealth
interventions for depression also come with significant
challenges. Retention in these web-based, self-guided
interventions is low compared with other types of trials [6]. For
example, previous studies reported retention rates as low as
43% posttreatment, with even lower rates with longer-term
follow-up [7]. A recent review of retention in studies of
smartphone-delivered interventions for mental health concluded
that researchers can expect attrition of up to one-third of
participants who enroll in the study [8]. In addition, adherence
to intervention content—operationalized as the number of
log-ins, duration of web exposure, or number of modules or
exercises completed—is as low as 50% for web-based programs
[7], and complete adherence to all components of
smartphone-delivered interventions for depression was achieved
by an average of only 34% of participants [8]. Predictors of
poor adherence in web-based depression trials include higher
baseline levels of depression [7], male gender [9,10], and lower
levels of education [9]. Older age is sometimes found to be
associated with better adherence [9,10] and sometimes poorer
adherence [7]. Those with less frequent internet use at baseline
(weekly to monthly compared with daily) may be more adherent
to self-guided programs [10].

In this study, we tested the following three enhancements to a
self-guided web-based intervention for people experiencing
depressive symptoms: brief facilitator contact (FC), an online
discussion board (ODB), and virtual badges (VB). These
features were developed in previous phases of the program
[21,22] and were selected based on research suggesting that
personal contact, interactive components, and incentivizing
participation increased engagement in web-based programs
[7,23-29].

Social enhancements such as discussion boards that encourage
users to generate and share content with each other can improve
engagement [11-14]. Opportunities to earn points and badges
can also increase motivation by providing virtual rewards to
participants in the form of positive feedback [15-17]. More
conventional enhancements, such as reminders via postcards or
brief phone calls, can also increase participation [18,19],
although other studies have found that similar enhancements
such as personalization, interactivity, reminders, and text
messages were not associated with better intervention adherence
[20]. The discrepancy in these results suggests that specific
automated enhancements, or combinations of automated and
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One enhancement was brief facilitator phone contact. Contact
from study staff, a mental health professional, or another type
of coach can provide a sense of obligation or accountability on
the part of the participant and increase adherence to intervention
content [29]. In eHealth interventions, this social presence, or
sense that there is another human behind the intervention who
is aware of the participant’s engagement and may provide
reminders or prompts, significantly improves adherence [30,31].
FC may increase user engagement by building rapport and
connection to the intervention, providing feedback, or supporting
meaningful use by tailoring the content or application of the
material to participants’ needs [32].
The second enhancement we tested was an ODB. Asynchronous
discussion boards where participants can reflect on their
experiences of learning the skills presented in the intervention
and interact with other participants may provide a sense of peer
support that improves the efficacy of the intervention. Although
web-based support groups alone have not been particularly
effective [33], from a collaborative learning perspective, the
addition of a forum that allows participants to interact
asynchronously with other participants and intervention content
may help facilitate understanding and retention of the content
and increase engagement with the targeted behaviors [34].
VB are a common form of gamification that increases
engagement with an intervention [35] through the inclusion of
playful, enjoyable, or competitive elements that boost adherence
to a designated activity [36]. Although VB have been criticized
for their emphasis on extrinsic motivation at the expense of
intrinsic [35], there is evidence that gamified interventions are
more engaging than those that do not contain such elements
[37].
We hypothesize that the enhancements would increase
adherence, operationalized as the number of sessions accessed,
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and aim to explore whether the combination of enhancements
had a significantly greater impact than any one alone. We also
examine whether age, gender, race or ethnicity, comfort with
technology, or baseline depression predict adherence or
moderate the effects of each enhancement on adherence. Finally,
we explore enjoyment ratings as predictors of use or engagement
with each enhancement.

Methods
Participants
Detailed methods are described in the study by Cheung et al
[22]. The study was approved by the institutional review board
and preregistered through ClinicalTrials.gov (trial number:
NCT02861755). All participants were recruited on the web
through platforms such as ResearchMatch, Craigslist, and
Reddit. Eligibility was determined using a web-based screener.
To be eligible for the study, participants had to (1) have at least
mild levels of depression, as indicated by a Patient Health
Questionnaire-8 (PHQ-8) depression score of ≥5 [38]; (2) be
aged ≥18 years; (3) have daily access to the internet; (4) own a
mobile phone; (5) live in the United States; and (6) be able to
read and write in English.

Procedures
Baseline and Randomization
After obtaining web-based consent, participants completed a
baseline questionnaire and a 7-day run-in period in which they
were asked to complete brief daily assessments of emotion. If
participants completed the baseline assessment and at least 4
of 7 days of the run-in period, they were allocated to one of the
nine study arms. We stratified participant allocation to a
condition based on gender and the level of depressive symptom
severity (PHQ-8 score: 5-9 [mild]; 10-14 [moderate]; 15-19
[moderately severe]; >20 [severe]) to ensure sufficient numbers
of each group within each condition, and participants were
sequentially assigned to the study arm after stratification.

Moskowitz et al
supportive counseling or skill training, but instead focused on
discussing progress, challenges, and technology issues.
Participants who were assigned to the ODB had access to a
virtual discussion board where they could participate
anonymously using pseudonyms. The study staff provided
prompts to seed the discussion board and were notified when a
participant posted something. Posts were reviewed for
inappropriate content and signs of extreme distress or suicidality.
In the VB condition, participants could earn flower badges that
they could arrange in a garden plot. They received badges for
completing activities such as creating a profile, reading a lesson,
or logging in to the website for 7 consecutive days.

MARIGOLD Intervention
Conditions 1-8 received the MARIGOLD program, a positive
psychological intervention that consisted of eight skills that
specifically targeted positive emotions: noticing positive events,
capitalizing, gratitude, behavioral activation, mindfulness,
positive reappraisal, personal strengths, and acts of kindness.
Additional details of the positive emotion skills intervention
can be found elsewhere [21,22,39-43]. The skills were delivered
over the course of 5 weeks in a self-guided, web-based format,
and each week had associated home practice activities.
Participants did not have access to all the skills at once; instead,
1 to 3 skills were released in each of the 5 weeks. Participants
in conditions 1 to 8 also completed the same daily emotion
reporting as the control condition (described in the following
section).

Emotion Reporting Control

The nine study arms varied according to the type and number
of adherence enhancements. The nine conditions are as follows:
(1) intervention alone, (2) intervention+FC, (3)
intervention+ODB,
(4)
intervention+VB,
(5)
intervention+FC+ODB, (6) intervention+FC+VB, (7)
intervention+ODB+VB, (8) intervention+FC+ODB+VB, and
(9) the emotion reporting control condition.

Participants in arm 9 were asked to log in to the website once
per day for 49 days (the length of the other eight conditions) to
report their emotions. Participants in the emotion reporting
control arm completed approximately 20 of the 49 days of daily
emotion reporting during the study period (mean 19.90, SD
18.01; range 0-50). They did not receive any of the intervention
content and thus did not have adherence data as we have defined
it; participants in the control condition will therefore not be
included in the present analyses (we have included greater detail
on the rates of retention for participants in the emotion reporting
control arm and the comparison of daily emotion reporting in
the emotion reporting control arm versus the other eight
conditions in the supplemental analyses; Multimedia Appendix
1).

Enhancements

Measures

In the FC conditions, the study staff called participants once
per week to check their progress through the course.
Specifically, following a prescribed set of questions, the staff
member asked about the participant’s experience learning that
week’s skills, using the home practice, and completing the daily
emotion surveys; they probed for questions about the skills,
accomplishments, barriers, and any difficulties with the
technology. If the participant could not be reached by phone,
the staff member sent an email with the same content in place
of the call and encouraged the participant to reply if they had
questions. Staff members were explicitly trained not to provide

Adherence and Enhancement Ratings
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The primary adherence outcome was operationalized as the
number of skills (out of eight) accessed (see supplemental
analyses in Multimedia Appendix 1 for analyses with other
operationalizations of adherence [number of pages viewed and
home practice completed] and study retention. Predictors of
alternative operationalizations of adherence and of retention
were essentially the same). In addition, we explored the
evaluations of the enhancements, measured both quantitatively
and qualitatively. Upon completion of the 5-week MARIGOLD
study, participants completed postcourse surveys in which they
provided feedback about the intervention content and
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enhancements. Participants were asked to rate whether they
enjoyed each enhancement they were assigned to receive (ie,
FC, ODB, and VB) on a slider scale from 0 (definitely not) to
100 (definitely yes). Participants also asked open-ended
questions regarding the benefits, drawbacks, and impact of each
of the enhancements they received.
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interactions allowed us to explore whether receiving a specific
combination of enhancements had a significantly greater impact
than receiving any one enhancement alone.

Moderators of Adherence

We also examined demographics, baseline depression, and
comfort with technology as predictors of adherence and
enjoyment of enhancements. Gender was assessed as male,
female, or other, or prefer not to answer. Participants were
asked whether they considered themselves Hispanic or Latino
or Latina and how they self-identified their race (Black, White,
Asian, Native American, Pacific Islander, and mixed or other).
Age was calculated based on the date of birth. Depression was
assessed using the PHQ-8 [38]. Finally, comfort with technology
was assessed with six items that tapped a participant’s overall
frequency of and confidence with technology use (eg, “I am
confident I can navigate websites”) with response options
ranging from 0 (not at all confident) to 10 (totally confident).

We examined whether the effect of each enhancement on
adherence was moderated by the following characteristics: age,
gender (female vs male), ethnicity (Hispanic vs non-Hispanic),
race (Asian, Black or African American, White, other race
[Pacific Islander, Native American, and mixed or other]),
comfort with technology, and baseline depressive symptom
severity (mild, moderate, moderately severe, and severe). To
examine this, overdispersed Poisson regressions predict
adherence by whether the participants received each
enhancement, with dummy variables representing each
enhancement, the moderator of interest, and the two-way
interactions between the moderator and each enhancement type
(FC×moderator, ODB×moderator, and VB×moderator). Owing
to power limitations, we did not test all 4 moderators in the
same model or explored interactions among the moderators and
combinations of enhancements.

Analyses

Power Analysis

Baseline Predictors of Adherence and Engagement With
Enhancements

A sensitivity power analysis using the G*Power 3.1.9.6 software
[46] revealed that the sample size for this study (N=539
participants across the eight intervention arms) was sufficient
to detect a small effect size with adequate power. The minimum
effect size necessary for this study was w=0.12, assuming an α
significance criterion of P=.05 and power=0.80.

Predictors of Adherence and Enhancement Ratings

We first conducted an overdispersed (or quasi-) Poisson
regression [44,45] to examine whether the number of
enhancements received predicted the number of skills accessed.
We then conducted the analyses predicting the number of skills
accessed from the intervention arm, with the intervention only
condition as the reference category.
We then conducted overdispersed Poisson regressions predicting
the number of skills accessed from age, gender (1=female;
male=0), race or ethnicity (with indicator variables to represent
each race or ethnicity category), comfort with technology, and
baseline depressive symptom severity (categorized as mild,
moderate, moderately severe, and severe).
To further examine whether adherence to the study differed as
a function of the combination of enhancements received, we
conducted an additional overdispersed Poisson regression
predicting each adherence outcome as a function of whether the
participant received each enhancement (FC, ODB, and VB),
the FCODB, FCVB, and ODBVB two-way interactions and the
FCODBVB three-way interaction. The two-way and three-way
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Results
Screening, Enrollment, and Randomization
Of the 1805 respondents who completed the screener, 1037
(57.45%) were deemed eligible and entered the run-in period.
Of these, 58.05% (602/1037) completed at least 4 of 7 days of
the emotion reports for the run-in and were sequentially assigned
to one of the nine study conditions. Figure 1 shows the
CONSORT (Consolidated Standards of Reporting Trials)
diagram. There were 485 eligibility forms that were deemed
spam. Most of these cases were identified because they enrolled
in quick succession on the same day and had suspicious
repeating patterns of first or last names. We sent additional
screener questions to these cases and none completed them and
therefore did not proceed to enrollment.
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Figure 1. CONSORT (Consolidated Standards of Reporting Trials) diagram. FU: follow-up.

Baseline Characteristics
Across the nine conditions, there were no differences in baseline
demographics, depression, or comfort with technology (Table
1). The average age of the participants was 38 years (range
18-80 years). Three-fourths of the sample were female (422/573,
73.6%), three-fourths were White (421/573, 73.4%), and 43%
(244/568) were college graduates. Compared with those who
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did not complete at least 4 of the 7 days of the run-in period,
participants who completed the run-in were older (mean 37.95,
SD 13.68 vs mean 36.03, SD 12.77; P=.04), more likely to be
female (467/633, 73.7% vs 210/323, 65%; P=.008), and had
lower baseline depressive symptom severity (PHQ-8: mean
13.85, SD 5.18 vs mean 15.34, SD 5.11); P<.001; Table S1 in
Multimedia Appendix 1).
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Table 1. Sample demographics and baseline variables by condition.
Baseline variables

Total sample
(N=602)

P valuea

Condition

Interven- FCb
tion alone (n=71)
(n=73)
Age (years), mean (SD) 37.8 (13.5) 39.1
(13.4)

37.8
(14.5)

ODBc
(n=69)

VBd
(n=67)

FC+ODB FC+VB
(n=66)
(n=66)

ODB+VB FC+ODB Control
(n=64)
+VB
(n=63)
(n=63)

38.9
(14.1)

38.4
(15.5)

38.0
(12.6)

36.1
(12.1)

38.4
(14.2)

38.6
(12.8)

34.7
(12.1)

Gender, n (%)

.67
.85

Male

146 (26)

18 (25)

17 (25)

18 (26)

16 (25)

16 (25)

17 (27)

15 (25)

13 (25)

16 (25)

Female

422 (74)

51 (72)

48 (72)

49 (72)

49 (75)

47 (75)

46 (73)

46 (75)

39 (75)

47 (75)

Baseline PHQ-8e, n (%)

.99

Mild

139 (23)

17 (23)

16 (23)

16 (23)

16 (24)

16 (24)

16 (24)

14 (22)

14 (22)

14 (22)

Moderate

193 (32)

23 (32)

23 (32)

21 (30)

21 (31)

21 (32)

21 (32)

21 (33)

21 (33)

21 (33)

Moderately severe

175 (29)

21 (29)

21 (30)

21 (30)

19 (28)

19 (29)

19 (29)

19 (30)

18 (29)

18 (29)

Severe

95 (16)

12 (16)

11 (16)

11 (16)

11 (16)

10 (15)

10 (15)

10 (16)

10 (16)

10 (16)

Ethnicity, n (%)

.89

Hispanic

100 (17)

13 (18)

8 (12)

11 (16)

10 (15)

13 (21)

11 (18)

12 (20)

12 (23)

10 (16)

Non-Hispanic

473 (83)

58 (82)

59 (88)

57 (84)

55 (85)

50 (79)

52 (83)

49 (80)

40 (77)

53 (84)

Black

93 (16)

8 (11)

7 (10)

15 (22)

9 (14)

13 (21)

12 (19)

10 (16)

9 (17)

10 (16)

.62

White

421 (74)

(73)

(73)

(74)

(79)

(68)

(73)

(67)

(79)

(75)

.86

Asian

49 (9)

9 (13)

11 (16)

4 (6)

4 (6)

4 (6)

6 (10)

5 (8)

3 (6)

3 (5)

.26

Native American

27 (5)

2 (3)

5 (8)

4 (6)

4 (6)

3 (5)

4 (6)

2 (3)

0 (0)

3 (5)

.71

Pacific Islander

2 (1)

0 (0)

0 (0)

1 (2)

0 (0)

0 (0)

1 (2)

0 (0)

0 (0)

0 (0)

.56

Mixed or other

43 (8)

4 (6)

5 (8)

5 (7)

7 (11)

5 (8)

2 (3)

8 (13)

1 (2)

6 (10)

.38

Race, n (%)

Education, n (%)

.33

<High school

4 (1)

0 (0)

0 (0)

1 (2)

0 (0)

2 (3)

0 (0)

1 (2)

0 (0)

0 (0)

High school

40 (7)

4 (6)

2 (3)

10 (15)

6 (9)

5 (8)

7 (11)

2 (3)

2 (4)

2 (3)

Some college

170 (30)

23 (32)

21 (32)

15 (22)

23 (35)

16 (26)

18 (29)

23 (38)

16 (31)

15 (25)

College graduate

244 (43)

23 (32)

34 (52)

32 (47)

26 (40)

27 (44)

28 (44)

21 (34)

21 (40)

32 (53)

Professional degree

98 (17)

18 (25)

8 (12)

9 (13)

9 (14)

12 (19)

8 (13)

12 (20)

12 (23)

10 (17)

Other

12 (2)

3 (4)

1 (2)

1 (2)

1 (2)

0 (0)

2 (3)

2 (3)

1 (2)

1 (2)

Income (US $), n (%)

.24

<10,000

48 (8)

10 (14)

4 (6)

8 (12)

3 (5)

8 (13)

6 (10)

5 (8)

2 (4)

2 (3)

10,000 to 19,999

65 (11.5)

11 (16)

6 (9)

9 (13)

11 (17)

10 (16)

4 (7)

4 (7)

4 (8)

6 (10)

20,000 to 29,999

92 (16)

11 (15)

10 (15)

13 (19)

12 (19)

11 (18)

8 (13)

7 (12)

10 (19)

10 (15)

30,000 to 49,999

102 (18)

10 (14)

15 (23)

16 (24)

13 (20)

9 (15)

10 (16)

10 (16)

10 (19)

9 (15)

50,000 to 74,999

105 (19)

10 (14)

13 (20)

11 (16)

10(15)

7 (11)

13 (21)

9 (15)

13 (25)

19 (31)

75,000 to 99,999

72 (13)

10 (14)

6 (9)

5 (8)

7 (11)

7 (11)

10 (16)

17 (28)

3 (6)

7 (12)

100,000 to 199,999 68 (12)

7 (10)

10 (15)

4 (6)

9 (14)

7 (11)

8 (13)

9 (15)

7 (14)

7 (12)

>200,000

1 (1)

2 (3)

1 (2)

0 (0)

3 (5)

3 (5)

0 (0)

3 (6)

1 (2)

9.1 (1.6)

9.3 (1.2) 9.2 (1.2) 9.1 (1.5) 9.2 (1.2)

9.1 (1.7)

9.5 (0.7) .57

14 (2)

Comfort with technolo- 9.2 (1.3)
gy, mean (SD)
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9.0 (1.3) 9.2 (1.3)
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P values were based on analysis of variance (continuous) and chi-square tests (categorical outcomes).

b

FC: facilitator contact.

c

ODB: online discussion board.

d

VB: virtual badges.

e

PHQ-8: Patient Health Questionnaire-8.

Adherence
Participants accessed, on average, 5.61 (SD 2.76) of 8 skills.
The total number of enhancements that participants received
(0-3) did not predict the number of skills accessed (1
enhancement vs 0: P=.63; 2 enhancements vs 0: P=.25; 3
enhancements vs 0: P=.19). We conducted an analysis predicting
the number of skills accessed as a function of whether the
participant received each enhancement and their two- and
three-way interactions. There were no significant main effects
for the FC (P=.24) or ODB (P=.36) enhancements. There was
a significant main effect of receiving the VB enhancement, such
that participants in the conditions that received VB (VB,
VB+FC, VB+ODB, and VB+FC+ODB) had a greater number
of skills (mean 5.90, 95% CI 5.52-6.31) relative to participants
in groups that did not receive the VB enhancement (intervention
only, FC, ODB, and FC+ODB; mean 5.30; range 4.96-5.67;
χ21=5.0; P=.03). This main effect, however, appeared to be
driven by a significant VB by FC two-way interaction predicting

the number of skills accessed (χ21=5.5; P=.02) such that
participants in arms that received the combination of both the
VB and FC enhancements together (VB+FC and VB+FC+ODB)
accessed a greater number of skills (mean 6.42; range 5.87-7.03)
than participants who received either enhancement without the
other (VB without FC: mean 5.42; range 4.92-5.98; P=.01; FC
without VB: mean 5.15; range 4.67-5.68; P=.001). Furthermore,
participants who received either VB or FC enhancement without
the other did not differ in the number of skills accessed
compared with participants who received neither enhancement
(neither VB or FC: mean 5.45; range 4.98-5.98; P=.40 to P=.93).
No other two-way or three-way interactions emerged with
statistical significance (FC by ODB interaction: P=.17; ODB
by VB interaction: P=.44; and FC by ODB by VB interaction:
P=.94). Taken together, these findings suggest that receiving
the VB and FC enhancements in combination increased the
number of skills accessed, but receiving either the VB or FC
enhancement without the other did not (Figure 2).

Figure 2. Number of skills accessed (n=8) as a function of condition. Error bars denote 95% CIs. FC: facilitator contact; ODB: online discussion board;
VB: virtual badges.

The patterns of results were the same for other indicators of
adherence (eg, pages viewed or home practice completed) and
retention in the study. The details of these analyses are provided
in Multimedia Appendix 1.
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Moderators of Adherence
We examined age, gender, race, ethnicity, comfort with
technology, and baseline depression as predictors of adherence
and as moderators of the effects of each individual enhancement
on adherence. As seen in Table 2, none of these baseline
characteristics significantly predicted participants’ adherence
to the intervention content (P=.19 to P=.87).
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Table 2. Overdispersed Poisson regression predicting adherence from baseline predictors.
Predictor

Number of skills accessed (n=8)
Odds ratio (95% CI)

P value

1.00 (0.99-1.00)

.79

Female

1.08 (0.96-1.21)

.20

Male (reference)

—a

—

Hispanic

1.04 (0.91-1.19)

.60

Non-Hispanic (reference)

—

—

Asian

0.94 (0.78-1.13)

.50

Black or African American

1.09 (0.96-1.23)

.19

Other raceb

0.97 (0.82-1.15)

.70

White (reference)

—

—

1.01 (0.97-1.04)

.78

Moderate

1.05 (0.92-1.19)

.47

Moderately severe

0.99 (0.86-1.13)

.87

Severe

1.04 (0.90-1.22)

.58

Mild (reference)

—

—

Age (years)
Gender

Ethnicity

Race

Comfort with technology
Baseline PHQ-8c

a

Not available (indicates reference value).

b

Other race: the other race category constitutes those who identified as Pacific Islander, Native American, mixed, or other.

c

PHQ-8: Patient Health Questionnaire-8.

Next, we explored whether the enhancements had a greater
effect on adherence depending on demographics, comfort with
technology, or baseline depression. There was a significant
baseline depressive symptom severity by VB two-way
interaction in predicting the number of skills accessed, χ23=8.6
(P=.04). Specifically, among participants with moderately severe
depression (scores between 15 and 19 on the PHQ-8), receiving
VB enhancement was associated with better adherence compared
with those who did not receiving VB enhancement (B=1.09;
P=.01). Two trends in the data that did not reach conventional
levels of statistical significance are worth noting: for those in
the mild (5-9) and moderate (10-14) range in the PHQ, there
was also a positive association between the VB group and
adherence (mild: B=1.00; P=.06; moderate: B=0.80; P=.10).
At the highest level of depressive symptoms (scores >20);
however, the association was in the opposite direction, with
those who received the VB enhancement showing lower
adherence compared with those who did not receive the VB
enhancement (B=−1.21; P=.08). Given that the effects among
participants in 3 of the 4 depression groups (mild, moderate,
and severe but not moderately severe) did not reach statistical
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significance, caution is warranted in drawing conclusions based
on these data.

Exploratory Analyses on Engagement With
Enhancements
To better understand the responses to the three enhancements,
we further explored the level of engagement and enjoyment
ratings for each one.

Analysis of FC
For FC (n=266), study staff were able to contact 45.5%
(121/266) of the participants in the FC enhancement conditions
by phone at least once, and the average number of weeks that
staff were able to reach participants by phone was 1 (SD 1.42;
range 0-6). Facilitators were able to reach participants who were
older, female, and more comfortable with technology and those
who had baseline depression scores in the moderate and
moderately severe range more frequently than those who were
younger, male, less comfortable with technology, and had
baseline depression scores in the mild range (P=.001 to P=.04;
Table 3). The number of weeks that participants could be
reached by phone was positively correlated with the number of
skills accessed (Spearman r206=0.32; P<.001).
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Table 3. Overdispersed Poisson regressions predicting engagement with the virtual badges, facilitator contact, and ODBa enhancements from baseline
predictors.
Predictor

Number of virtual badges

Facilitator contact phone contact ODB posts

ORb (95% CI)

P value

OR (95% CI)

P value

OR (95% CI)

P value

1.01 (1.00-1.02)

.05

1.06 (1.03-1.08)

<.001

1.01 (0.99-1.02)

.29

Female

1.23 (0.88-1.71)

.24

4.08 (1.44-11.58)

.008

0.61 (0.40-0.92)

.02

Male (reference)

—c

—

—

—

—

—

Hispanic

1.60 (1.10-2.32)

.01

1.52 (0.55-4.22)

.42

1.19 (0.67-2.13)

.55

Non-Hispanic

—

—

—

—

—

—

Asian

0.84 (0.48-1.46)

.53

0.86 (0.16-4.68)

.86

1.21 (0.63-2.34)

.56

Black or African American

1.01 (0.70-1.47)

.96

1.56 (0.66-3.70)

.31

1.05 (0.62-1.77)

.86

Other raced

0.56 (0.33-0.95)

.06

0.44 (0.10-2.03)

.29

0.49 (0.21-1.14)

.10

White (reference)

—

—

—

—

—

—

1.05 (0.95-1.16)

.36

1.44 (1.02-2.06)

.04

1.00 (0.87-1.15)

.99

Moderate

1.25 (0.84-1.85)

.27

4.88 (1.37-17.34)

.01

0.77 (0.46-1.29)

.32

Moderately severe

1.46 (0.99-2.17)

.06

5.34 (1.47-19.38)

.01

0.85 (0.51-1.43)

.54

Severe

1.06 (0.65-1.72)

.81

3.10 (0.67-14.33)

.15

0.59 (0.29-1.19)

.14

Mild (reference)

—

—

—

—

—

—

Age (years)
Gender

Ethnicity

Race

Comfort with technology
Baseline PHQ-8e

a

ODB: online discussion board.

b

OR: odds ratio.

c

Not available (indicates reference value).

d

Other race: the other race category constitutes those identified as Pacific Islander, Native American, mixed, or other.

e

PHQ-8: Patient Health Questionnaire-8.

Participants rated the facilitator phone calls as moderately
enjoyable (mean 47.20, SD 32.64; range 0-100), and the
qualitative feedback supported a wide range of responses such
as “I liked hearing from a real person, because then I knew
someone was paying attention to what I was doing in the course”
versus “It got irritating to answer the same questions and it was
frustrating and embarrassing because I hadn't done the skills.”
Enjoyment ratings of FC were significantly correlated with staff
contact by phone (Spearman r107=0.27; P=.006) and the FC
enjoyment ratings were positively associated with the number
of skills accessed (Spearman r98=0.25; P=.01).

Analysis of the ODB
Among participants assigned to receive the ODB enhancement
(n=262), 25.2% (66/262) posted on the discussion board at least
once, and slightly less than half 48.5% (127/262) liked or
commented on a post at least once. Male participants posted a
greater number of times on the ODB than female participants
(P=.02). The number of times that participants posted on the
ODB was positively correlated with the number of skills
accessed (Spearman r198=0.49; P<.001).
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Enjoyment ratings for the ODB were also in the midrange (mean
45.53, SD 30.69; range 0-100), although the ratings varied
greatly. Some participants appreciated connecting with other
participants through the discussion board: “It was motivational
to see others progress and be able to communicate with others.”
However, for others, the ODB fell short of expectations: “There
doesn’t seem to be much activity there.” Still others were in the
middle ground and neither liked or disliked it: “I was able to
connect with other people in the program but it wasn’t very
personal, in the sense that I would just comment a few blurbs
here and there but didn’t feel like I was doing much.” Those
who rated the ODB as more enjoyable had more posts on the
board (Spearman r101=0.29; P=.003). However, participants’
ODB enjoyment ratings were not associated with the number
of skills accessed in the program (Spearman r91=0.10; P=.34).

Analysis of VB
Among participants who were assigned to receive a VB
enhancement (n=260), the number of badges earned ranged
from 9 to 192, with a mean of 17.29 (SD 16.48). All participants
assigned to receive a VB enhancement earned at least one badge.
As seen in Table 3, older participants and Hispanic participants
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earned a greater number of VB than younger and non-Hispanic
participants (P=.01 to P=.05). None of the other baseline
characteristics significantly predicted the total number of VB
(all P=.06 to P=.96).
For enjoyment ratings, participants rated the VB as moderately
enjoyable (mean 50.90, SD 33.17; range 0-100). However, there
was wide variability in enjoyment ratings, and the qualitative
feedback for the VB reflected this range: “It is a visual point
system that is cute and fun. It seems silly but I felt like I
accomplished something when I got each flower.” Others did
not appreciate the whimsical garden plot calling it childish and
a waste of time. Although the number of badges earned and
enjoyment ratings of the VB enhancement were significantly
correlated (Spearman r115=.30; P=.001), participants’ VB
enjoyment ratings did not predict the number of skills accessed
(Spearman r109=0.14; P=.16).

Discussion
Principal Findings
Web-based, self-guided interventions hold significant promise
for people with elevated depressive symptoms. Attaining
acceptable levels of adherence to these programs is critical to
effectiveness, yet this has proven to be a challenge. We
developed and tested 3 enhancements that we hypothesized
would, either alone or in combination, improve adherence to a
self-guided positive psychological intervention for people with
elevated depression. The enhancements were an ODB, VB, and
FC. Participants in the eight conditions that received the
intervention content also received 1, 2, or all 3 or no
enhancements. Our results suggest that the combination of VB
and FC is especially impactful and points to areas for future
focus to improve adherence across the three enhancements.
For the ODB enhancement, participants had access to an online
forum where they could anonymously post questions, share
their experiences, and offer encouragement to other participants.
Previous findings regarding the efficacy of discussion boards
for improving adherence to web-based programs have been
mixed. For example, one study found that an internet discussion
board or support group resulted in lower adherence to the
self-guided program compared with the self-guided program
alone [47], although participants who were assigned to receive
the discussion board had a greater reduction in depression at 6
months.
The engagement on the discussion board was quite low. Only
a quarter of the participants posted on the board at least once,
and qualitative feedback indicated that this low level of activity
further discouraged participants from making use of the ODB.
Therefore, it is perhaps not surprising that there was no
indication that the ODB increased adherence to the program,
either alone or in combination with other enhancements. Simple
availability without engagement is not sufficient for an ODB
to increase adherence to the intervention content. There are a
number of ways that we could have increased engagement in
the ODB, such as requiring participants to post as part of the
home practice assignments or making it easier to navigate to
the discussion board to lower the barriers to engagement.
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VB is a form of gamification and is intended to increase
adherence to the intervention content by providing rewards for
completing activities on the platform, for example, reaching a
goal for the number of log-ins or consecutive homework
completions. Participants in the arm that received both VB and
FC completed significantly more sessions than did those in the
no-enhancement arm (Figure 2). Furthermore, participants in
arms that received VB and FC together (VB+FC; VB+FC+ODB)
accessed, on average, one more skill (mean 6.42) compared
with participants who received either VB or FC without the
other (mean 5.42; FC alone, VB alone, ODB+VB, and
ODB+FC). Participants were of a mixed opinion on whether
the VB were enjoyable, with 33.9% (39/115) giving the VB
low enjoyment ratings (below 31 on a 0-100 scale) and 33%
(38/115) providing high enjoyment ratings (between 70 and
100). Previous studies document similar challenges to the
successful use of gamification elements, such as a lack of clarity
on which behaviors are being rewarded or confusion over how
progress was being illustrated [48-50]. Future work to make the
badges more interpretable, enjoyable, and clearly linked to target
behaviors will help to increase the impact of the VB on
adherence to the intervention.
Our FC enhancement consisted of staff contacting participants
by phone once per week for a brief check-in regarding any
challenges they were experiencing while completing that week’s
skills and answering questions or concerns they had. We
included the FC component based on studies showing that
contact with a person improves adherence to self-guided,
web-based interventions [18,23,27,51,52]. Although receipt of
the FC alone did not significantly improve adherence to the
program, when combined with VB, there was an improvement
such that those participants who received both FC and VB
completed more of the intervention sessions compared with
those who did not. The average number of times a facilitator
was able to reach a participant was one, and fewer than half of
the participants were ever reached by a facilitator by phone.
The data indicate that the more participants enjoyed the FC, the
more skills they completed, and as with VB, there was a wide
range of enjoyment ratings for FC, leaving a lot of room for
improvement. One easy change that may increase participants’
enjoyment of the FC condition, and as a result improve the
impact of FC on adherence, is to vary the questions that are
asked each week and word them so they do not come across as
judgmental. Qualitative feedback indicated that participants
found these questions repetitive and, especially if they had not
completed the home practice that week, somewhat shaming.
Furthermore, some participants may prefer email over phone
contact, and providing an email contact option could increase
the impact of the enhancement. Other ways to improve the
impact of the FC condition could include improving the
supportive accountability [29], such as setting clear expectations
and goals for engagement with the platform, and tailored
performance monitoring that is supportive rather than shaming.
In addition, clarifying the expertise of the facilitators and
increasing trust could enhance the impact of FC [29].
Aside from the content of the enhancement, a simple count of
the number of enhancements the participant was assigned to
(up to 3) was not predictive of adherence. On the basis of our
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data, it is not necessarily better. However, the combination of
VB and FC increased adherence compared with either
enhancement alone. It may be that the FC helps encourage
people to engage with the platform, with the phone call
providing a reminder and the facilitator providing someone to
be accountable. Once participants are on the platform, the VB
reinforce that engagement and provide some extrinsic motivation
to remain engaged [29].
We explored potential moderators of the effect of each
enhancement and found that depression influenced whether VB
enhancement was associated with adherence. Specifically,
among those with moderately severe baseline depression (PHQ-8
scores between 15 and 19), those who received the VB
enhancement demonstrated better adherence than those who
were not assigned to a VB condition. For those in the mild and
moderate range of the PHQ-8 (scores between 5 and 14), the
direction of the effect was the same but did not reach statistical
significance. For participants with severe baseline depression
(>20), the effect was in the opposite direction, such that VB
were associated with (nonsignificantly) poorer adherence.
Although this interaction should be interpreted with caution
given the marginal significance and the very small number of
participants in this group (those with the highest levels of
depression who received the VB), this pattern was also apparent
in our analyses with the proportion of intervention completed
as an outcome (the number of pages viewed as a proportion of
the total possible number of pages; Multimedia Appendix 1).
It may be that for people with severe clinical depression, the
badges were off-putting, and extra thought should be put into
this form of gamification for people with the highest levels of
depression. Of note, other studies of web-based depression
interventions tend to exclude people who have scores in the
severe range [10,20] so would not have picked up this potential
demotivating effect of VB for people with the highest levels of
depression.

Limitations
There are several limitations to consider in this study. First, the
sample was recruited from all web-based sources and likely
differed from clinic-based samples or those referred by medical
providers. The sample was predominantly made up of
non-Hispanic White individuals and females, which significantly
limits the generalizability of the findings. Furthermore,
participants needed to complete 4 of 7 daily emotion reports as
part of a run-in to be assigned to a condition in which only
58.05% (602/1037) of the participants were able to accomplish.
Although run-in periods are often used in clinical trials [53],
by including only those who demonstrated adherence to the
study protocol, we may have artificially enriched our sample
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with participants who were more likely to be adherent to the
intervention. Comparison of those who completed the run-in to
those who did not indicate that those who completed were older,
more likely to be female, and less depressed than those who
consented but did not complete the run-in. We also ran a large
number of statistical tests and did not control for multiple
comparisons. However, our analyses were hypothesis-driven
and appropriate for this stage of intervention development.
Finally, we tested the enhancements in the context of a positive
psychological intervention, and the content may have influenced
adherence, although we do not have a way to test this possibility
in this study.
These findings lead to several suggestions for future self-guided
interventions and potential adherence enhancements. First, the
program and enhancements were feasible even for people with
very high levels of depression. Unlike most previous studies of
web-based programs for people with depression, we included
participants with the highest levels of depression. The findings
demonstrate that people with severe levels of depression can
also engage in programs like this, and their inclusion in the
study sample suggested important differences in terms of
response to enhancements. Second, the combination of VB and
FC was associated with better adherence than either
enhancement alone. Researchers should go beyond single
enhancements to improve adherence and consider including
combinations of enhancements that may be more effective than
any one enhancement alone. Furthermore, it may be helpful to
offer participants a choice of which enhancements they want to
access. Providing participant control over which enhancements
they receive from the outset could increase feelings of
engagement and investment in the program. Finally, as the
technology for intervention delivery progresses, there are new
possibilities for better-engaging participants. Future work may
consider more immersive approaches such as virtual reality [54]
and approaches such as SMS text messages [55] or chatbots
[56] that foster a sense of social connection and may encourage
stronger engagement with the intervention content.
Self-guided web-based interventions hold great promise to help
people living with depression, and creative approaches to better
engage participants will provide greater benefit to more people
as the programs are more widely disseminated. Despite low
levels of engagement with the FC enhancement, the results of
our randomized trial suggest that the combination of VB and
FC may be especially effective at improving adherence to the
intervention, which in turn, may increase the impact of the
intervention on well-being and bode well for future programs
that incorporate enhancements such as these.
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Abstract
Background: The human papillomavirus (HPV) vaccination rate in Japan has fallen to nearly zero since the suspension of
governmental proactive recommendations in 2013, owing to the development of purported adverse events.
Objective: This study aimed to evaluate the effects of a brief web-based educational intervention using the theory of behavioral
insights on the willingness of adults to consider the HPV vaccine for their daughters and sons.
Methods: We recruited 1660 participants aged 20 years or older in March 2018 via a webpage and provided them with a 10-item
questionnaire related to the following aspects: awareness regarding HPV infection and vaccination, willingness for immunization,
and actions for prevention. We randomly stratified participants based on sex and age with or without a brief educational intervention
involving scientific information presented in an easy-to-read format.
Results: Only 484 (29.2%) of the respondents were aware of the benefits of HPV vaccination. Although only 352 (21.2%) of
the respondents displayed a willingness for immunization of their daughters, there were 40 (4.8%) more respondents in the
intervention group with this willingness (adjusted odds ratio [aOR] 1.32, 95% CI 1.04-1.69). In a subanalysis, the willingness
toward vaccination for daughters in men was significantly higher in the intervention group (aOR 1.46, 95% CI 1.05-2.02).
However, such a difference was not observed among women (aOR 1.20, 95% CI 0.83-1.73).
Conclusions: This study suggests that a brief web-based educational intervention increases the willingness of adults to consider
the HPV vaccine for their children, especially among men. Thus, providing adequate information to men may be a useful strategy
to improve the currently low rates of HPV vaccination.
Trial
Registration:
UMIN
Clinical
Trials
Registry
UMIN000049745
(UMIN-CTR);
https://upload.umin.ac.jp/cgi-open-bin/ctr_e/ctr_view.cgi?recptno=R000049745
(J Med Internet Res 2021;23(9):e28355) doi:10.2196/28355
KEYWORDS
human papillomavirus; human papillomavirus vaccination; behavioral insights; behavioral change; web-based randomized
controlled trial
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Introduction

reduction in the incidence of cervical intraepithelial neoplasia
grade 3 or higher in vaccinated women [11].

Background

Specific information regarding the effects and adverse events
of HPV vaccines needs to be fully disseminated to the Japanese
population. Considering this, approximately 40% of the
population is willing to be vaccinated [2]. Therefore, it is critical
to disseminate adequate scientific knowledge regarding the
beneficial effects of the vaccine so that people in the target age
group actually take the vaccine.

In Japan, the human papillomavirus (HPV) nonavalent vaccine
was approved by the Pharmaceuticals and Medical Devices
Agency (PMDA) for girls aged 9 years or older in July 2020
[1]. The corresponding quadrivalent inoculation was ratified
for boys in the same age group in December 2020 [1].
Nevertheless, the level of awareness regarding HPV, the
resultant cancer (cervical cancer [CC]), and the vaccine needs
to be higher in the Japanese population [2,3]. Although
vaccination is the exclusive means of preventing HPV infection,
the immunization rate has fallen below 1% owing to subsequent
adverse events [4], which are regarded as functional disorders.
These cases were reported repeatedly in Japanese media in
sensational ways [2,4]. As a result of the dissemination of
misinformation and the misunderstanding of the HPV vaccine,
most Japanese people have distrust toward the HPV vaccine
[2]. Thus, the immunization rate of the bivalent or quadrivalent
HPV vaccine for the target population from the 6th grade of
elementary school students to the 1st grade of high school
students was 0.8% in 2018 [5]. This has persisted from 2013
for almost 8 years [4-6].
According to the strategy of the World Health Organization
devised in 2019 for controlling CC [7], by 2030, 90% of girls
worldwide would be vaccinated with the HPV vaccine by the
age of 15 years. Malaysia, Mexico, Bhutan, Brunei, and Rwanda
have achieved an immunization rate of 90% or higher in the
target population [7]. Furthermore, in Australia, the success of
two national programs, the National Cervical Screening Program
(NCSP) and the Australian National HPV Vaccination Program
(NHVP), resulted in achievement of the threshold for rare cancer
in 2020 [8]. By 2028, the estimated number of cases would be
less than 4 per 100,000 [9], which is the threshold for
elimination [8].
In addition to HPV-related cancers, vulvar, anal, and throat
malignancies may be prevented by the vaccine [9,10]. A
Japanese research group provided evidence of a significant

https://www.jmir.org/2021/9/e28355
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Goal of the Study
Vaccine awareness programs are necessary, and campaigns
through the media and social network services can play
significant roles [2,4]. In an information-overloaded society,
people frequently make decisions related to health issues based
on a bunch of information [12]. Therefore, it is critical to
consider the influence of behavioral insights to promote change
[13]. This broadly refers to concrete approaches based on the
knowledge of behavioral science and economics. The Easy,
Attractive, Social, and Timely (EAST) principles are a simple
way of applying behavioral insights to interventions and have
been used to change human awareness and behavior [13]. This
study aimed to assess the effects of these behavioral insights
utilizing brief scientific information on vaccine benefits, along
with statistics on CC.

Methods
Study Design and Participants
We recruited a total of 1660 participants in March 2018 via a
specially designed webpage for this study. These were registered
members of the research panel owned by Macromill Inc (Tokyo,
Japan). The participants were 20 years old or above as on March
12-13, 2018. They were recruited until the target sample size
was fulfilled. We randomly assigned each participant to respond
to an identical questionnaire after (intervention group) or prior
to (control group) providing behavioral insights material
(BI-material) featuring brief scientific information presented in
an easy-to-read format (as displayed in Figures 1 and 2).
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Figure 1. Flow diagram of the randomization. BI-material: behavioral insights material featuring brief scientific information presented in an easy-to-read
format.

Figure 2. Behavioral insights material.

Informational Material and Behavioral Insights
Informational materials are designed primarily to increase
effectiveness; they are based on a specific purpose rather than
a template. In this study, first, we provided one-page BI-material
containing three sentences, which were deemed to be in line
with scientific evidence and objective facts associated with the
theory of behavioral change and economics. This theory was
suggested and represented by Richard Thaler [14]. The first
sentence of our material reflected the Japanese epidemiological
data on CC (Figure 2), which was intended for the framing
effect [15,16]. For example, a statement like “Cervical cancer
is the 11th most frequent malignancy among women in Japan”
or “2.8% of women diagnosed with cervical cancer die” does
https://www.jmir.org/2021/9/e28355
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not emphasize the deterioration in health. Therefore, this would
not contribute to general behavior change. Additionally, we
applied the prospect theory by drawing similarities between the
number of deaths due to CC in Japan and fatalities due to traffic
accidents. Second, to promote a change in the consciousness of
participants, the presentation of social norms was included as
part of the EAST framework (S-social) in the second sentence
of the BI-material (Figure 2). This was employed for devising
behavioral insights of greater effectiveness [17]. Third, heuristics
(awareness of prejudice and intuition) [18] hypothesized a
reduced interest in male participants in case the HPV
immunization focused exclusively on CC. Therefore, it was
conveyed that non-CC HPV malignancies are preventable
J Med Internet Res 2021 | vol. 23 | iss. 9 | e28355 | p.317
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through HPV vaccination [9]. The first author (YS) is one of
the specialists of the behavioral design team in Yokohama,
which was established as the first nongovernmental nudge unit
in Japan [19]. Thus, this BI-material was created given the
behavioral insights methodology.

Randomization
Participants were randomly allocated (1:1) to each group. The
intervention was performed using an automatic web-based
allocation system stratified by the sex (female/women and
male/men) and age (20s, 30s, 40s, 50s, and 60s) of the
participants. Randomization was performed by the web-research
system of Macromill Inc. Participants and investigators were
blinded to the distribution (double-blinded). Once the upper
limit of each stratum was reached, new participants could not
be added to the web system. This ensured uniform distribution
of the stratification factors. In the intervention group, we
provided the BI-material prior to answering questions related
to preventive awareness, following consent for the online study.
The control group was provided with the same material as that
provided to the intervention group after all responses were
completed.

Questionnaire
The participant demographics included age, sex, marital status,
number of children, sexual experience, household income,
medical background, education, and tobacco use. For female
participants, we also collected information regarding HPV
vaccination history and previous pap screening. Medical
background was defined as follows: a respondent who had a
history of working as a medical professional (medical doctor,
dentist, nurse, or allied health care professional) or who attended
medical school.
The respondents completed a 10-item questionnaire. The first
half determined HPV awareness as background information,
and the second half addressed willingness to receive HPV
vaccines and undergo screening tests. The respondents were
instructed to answer “Yes” or “No” for each question.
The awareness questions were as follows:
Q1. It is possible to detect both cancer and precancerous lesions
through CC screening.
Q2. Sexual experience is associated with HPV infection.
Q3. CC screening is necessary for women even after vaccination.

Suzuki et al
Q9. Would you undergo the cancer screening tests recommended
by the government?
Q10. Do you plan informing family members, friends, or others
about cancer prevention and screening (through Facebook,
LINE, Twitter, etc)?

Statistical Analysis
Tests Performed
Statistical evaluation comprised the Student t test, the chi-square
(χ2) test, and multiple regression analyses. These were
performed using SPSS, version 27 (IBM Corp).

Power and Statistical Significance
The sample size was calculated as 80% powered to detect a
10% effect in the intervention group (increased from 40% in
the control group to 50% in the intervention group) with a
two-sided P value of .05. P values less than .05 were regarded
as significant. The hypothetical baseline willingness rate in the
control group was determined based on our previous study [2].
The sample size was calculated as 776 when the effect of the
intervention estimated a 10% increase. The number of
participants recruited was double of the calculated sample size
because of the difficulty in estimating the baseline willingness
and the intervention effect.

Odds Ratio
The adjusted odds ratios (aORs) related to the background
knowledge level from the binominal logistic regression were
analyzed to assess differences in both groups. In the subanalysis,
questions Q2 and Q4, for which the responses showed a
significant difference in the rate of awareness between the two
groups (data not shown), were included as covariates in the aOR
in the analysis for men. Questions Q1, Q2, and Q5, for which
the responses showed a significant difference in the rate of
awareness between the two groups (data not shown), were
included as covariates in the aOR in the analysis for women.

Ethical Approval and Funding
The study protocol was approved by the Institutional Research
Ethics Committee of Yokohama City University School of
Medicine (A180200004). The trial registration number is
UMIN000049745. We received research funding from the Japan
Agency for Medical Research and Development (grant number
15ck0106103h0102). The survey was outsourced to Macromill
Inc.

Q4. I have heard of the benefits of the HPV vaccine.
Q5. I have heard of the adverse events associated with the HPV
vaccine.
The willingness questions were as follows:
Q6. If you have/had a daughter, do/would you consider getting
her vaccinated against HPV?
Q7. If you have/had a son, do/would you consider getting him
vaccinated against HPV?
Q8. Would you consider undergoing a pap smear? If male, will
you want your family or partner to undergo a smear test?
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Results
Analysis of Participant Demographics
From March 12 to 13, 2018, 1660 participants were recruited.
Stratifying factors, such as sex and age, were evenly allocated.
The following variables displayed no significant differences
between the intervention and control groups: marital status
(P=.96), children (P=.84), household income (P=.58), sexual
experience (P=.26), education (P=.44), medical background
(P=.50), and tobacco use (P=.64) (Table 1).
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Table 1. Characteristics and knowledge level of the participants recruited.
Characteristic

All (N=1660)

Intervention group (n=830)

Control group (n=830)

Sex, n (%)

>.99

Male

830 (50.0)

415 (50.0)

415 (50.0)

Female

830 (50.0)

415 (50.0)

415 (50.0)

Age (years), mean (SD)

44.7 (14.0)

44.6 (14.1)

44.8 (14.0)

Age range (years)

20-69

20-69

20-69

Age groups (years), n (%)
332 (20.0)

166 (20.0)

166 (20.0)

30-39

332 (20.0)

166 (20.0)

166 (20.0)

40-49

332 (20.0)

166 (20.0)

166 (20.0)

50-59

332 (20.0)

166 (20.0)

166 (20.0)

≥60

332 (20.0)

166 (20.0)

166 (20.0)

Marital status, n (%)

.96

Married

1013 (61.0)

507 (61.1)

506 (61.0)

Unmarried

647 (39.0)

323 (38.9)

324 (39.0)

Children, n (%)

.84

Yes

904 (54.5)

454 (54.7)

450 (54.2)

No

756 (45.5)

376 (45.3)

380 (45.8)

Sexual experience, n (%)

.26

Experienced

1298 (78.2)

659 (79.4)

639 (77.0)

Not experienced

145 (8.7)

64 (7.7)

81 (9.8)

217 (13.1)

107 (12.9)

110 (13.3)

Declined to answer
b

.58

Household income (million yen/year) , n (%)
<2

120 (7.2)

61 (7.3)

59 (7.1)

2-4

316 (19.0)

147 (17.7)

169 (20.4)

4-6

384 (23.1)

199 (24.0)

185 (22.3)

6-8

208 (12.5)

105 (12.7)

103 (12.4)

8-10

153 (9.2)

80 (9.6)

73 (8.8)

>10

126 (7.7)

60 (7.2)

66 (8.0)

Declined to answer

353 (21.2)

178 (21.4)

175 (21.1)

Medical background, n (%)

.50

Medical

116 (7.0)

54 (6.5)

62 (7.5)

Nonmedical

1544 (93.0)

776 (93.5)

769 (92.5)

Education, n (%)

.44

Less than high school graduate

34 (2.0)

17 (2.0)

17 (2.0)

High school graduate

467 (28.1)

237 (28.6)

230 (27.7)

More than high school graduate

1159 (69.8)

576 (69.4)

583 (70.2)

Tobacco use, n (%)

.64

Smoker

312 (18.8)

162 (19.5)

150 (18.1)

Nonsmoker

896 (54.0)

439 (52.9)

457 (55.1)

Previous smoker

452 (27.2)

229 (27.6)

223 (26.9)

Q1. It is possible to detect both cancer and precancerous lesions through cervical cancer (CC) screening, n (%)
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RenderX

.77

>.99

20-29
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P valuea

.11
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Already known
Not known
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All (N=1660)

Intervention group (n=830)

Control group (n=830)

670 (40.4)

319 (38.4)

351 (42.3)

990 (59.6)

511 (61.6)

479 (57.7)

c

.001

Q2. Sexual experience is associated with HPV infection, n (%)
Already known

911 (54.9)

423 (51.0)

488 (58.8)

Not known

749 (45.1)

407 (49.0)

342 (41.2)

Q3. Cervical cancer screening is necessary for women even after vaccination, n (%)

.06

Already known

518 (31.2)

277 (33.4)

241 (29.0)

Not known

1142 (68.8)

553 (66.6)

589 (71.0)

Q4. Benefits of HPV vaccination, n (%)

.004

Already known

484 (29.2)

269 (32.4)

215 (25.9)

Not known

1176 (70.8)

561 (67.6)

615 (74.1)

Q5. Adverse events associated with HPV vaccination, n (%)

.004

Already known

543 (32.7)

299 (36.0)

244 (29.4)

Not known

1117 (67.3)

531 (64.0)

586 (70.6)

Last papd screeninge, n (%)

.87

<2 years

341 (41.1)

178 (42.9)

163 (39.3)

2-5 years

107 (12.9)

54 (13.0)

53 (12.8)

>5 years

125 (15.1)

57 (13.7)

68 (16.4)

Never

232 (28.0)

113 (27.2)

119 (28.7)

Unknown

25 (3.0)

13 (3.1)

12 (2.9)

HPV vaccinatione, n (%)

a

P valuea

.70

Already vaccinated

36 (4.3)

21 (5.1)

15 (3.6)

Not yet vaccinated

595 (71.7)

303 (73.0)

292 (70.4)

Unknown

199 (24.0)

91 (21.9)

108 (26.0)

P values are estimated using the chi-square and Student t tests.

b

1 USD=110 JPY.

c

HPV: human papillomavirus.

d

Pap: Papanicolaou test.

e

Only female participants aged 20 years or older (n=830).

HPV Awareness Analysis
For questions Q1 to Q5 regarding HPV awareness, the
recognition rate for Q2 was significantly higher (by 7.8%) in
the control group than in the intervention group. For questions
Q4 and Q5, the values in the intervention group were
significantly higher (by 6.5% and 6.6%, respectively) than those
in the control group (Table 1).
Only 484 (29.2%) of the respondents were aware of the benefits
of HPV immunization (Q4), whereas 543 (32.7%) were aware
of the adverse effects (Q5).
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Willingness to Consider Children’s Vaccination
Only 352 (21.2%) of the respondents displayed a favorable
attitude toward HPV immunization for their daughters (Q6).
However, an additional 40 (4.8%) participants responded
affirmatively in the intervention group (aOR 1.32, 95% CI
1.04-1.69) compared to those in the control group (Table 2).
For Q7, there were additional 33 (3.9%) satisfied respondents
willing to consider vaccination for their sons in the intervention
group (aOR 1.38, 95% CI 1.05-1.80) compared to those in the
control group (Table 2).
The number of respondents expressing a desire to receive a
screening test (Q8) (P=.37) or to communicate HPV-related
issues (Q10) did not increase (P=.17) (Table 2).
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Table 2. Comparison of attitudes toward human papillomavirus vaccination and screening tests according to intervention.
Variable

All (N=1660), n (%)

Intervention
(n=830), n (%)

Control
(n=830), n (%)

Yes response vs other

a

OR (95% CI)

P value

b

Adjusted ORc
(95% CI)

P valueb

Q6. If you have/had a daughter, do/would you consider getting her vaccinated against HPVd?
Yes

352 (21.2)

196 (23.6)

156 (18.8)

No

240 (14.5)

115 (13.9)

125 (15.1)

I’m not sure

1068 (64.3)

519 (62.5)

549 (66.1)

1.34 (1.05-1.69) .02

1.32 (1.04-1.69) .02

Q7. If you have/had a son, do/would you consider getting him vaccinated against HPV?
Yes

273 (16.4)

153 (18.4)

120 (14.5)

No

254 (15.3)

127 (15.3)

127 (15.3)

I’m not sure

1133 (68.3)

550 (66.3)

583 (70.2)

1.34 (1.03-1.74) .03

1.38 (1.05-1.80) .02

Q8. Would you consider undergoing a pape smear? If male, will you want your family or partner to have a smear?
Yes

1186 (71.4)

601 (72.4)

585 (70.5)

No

474 (28.6)

229 (27.6)

245 (29.5)

1.10 (0.89-1.36) .39

1.10 (0.89-1.37) .37

Q9. Would you undergo the cancer screening tests recommended by the government?
Yes

1128 (68.0)

574 (69.2)

554 (66.7)

No

532 (32.0)

256 (30.8)

276 (33.3)

1.12 (0.91-1.37) .29

1.12 (0.91-1.38) .30

Q10. Do you plan informing family members, friends, or others about cancer prevention and screening (through Facebook, LINE, Twitter,
etc)?

a

Yes

760 (45.8)

396 (47.7)

364 (43.9)

No

900 (54.2)

434 (52.3)

466 (56.1)

1.17 (0.96-1.42) .12

1.15 (0.94-1.40) .17

OR: odds ratio.

b

P value estimated using binomial logistic regression analysis.

c

Q2, Q4, and Q5 were included as covariates in the adjusted OR.

d

HPV: human papillomavirus.

e

Pap: Papanicolaou test.

Sex-Wise Attitudes Toward HPV Vaccination
Table 3 presents the subanalysis results according to sex.
Differences were identified in Q6 (men: aOR 1.46, 95% CI
1.05-2.02 vs women: aOR 1.20, 95% CI 0.83-1.73) and Q7
(men: aOR 1.53, 95% CI 1.08-2.18 vs women: aOR 1.21, 95%
CI 0.80-1.83). The willingness to consider vaccination for
daughters in men was significantly higher in the intervention
group (by 8.2%, P=.02; Multimedia Appendix 1); however,
such a difference was not observed in women (P=.22; Table 3,
Multimedia Appendix 2).
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In an overall comparison between men and women irrespective
of intervention, the willingness to consider vaccination for
daughters in men was significantly higher than that in women
(25.1% vs 17.3%, P<.001), and the willingness to consider
vaccination for sons was also higher in men than in women
(20.1% vs 12.8%, P<.001).
In the intervention group, higher rates were identified in men
than in women for Q6 (29.2% vs 18.1%, P<.001) and Q7 (23.9%
vs 13.0%, P<.001). While in the control group, differences were
not identified between men and women for Q6 (21.0% vs 16.6%,
P=.11) and Q7 (16.4% vs 12.5%, P=.11).
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Table 3. Comparison of attitudes toward human papillomavirus vaccination and screening tests according to sex.
Variable

Yes response vs other
ORa (95% CI)

P valueb

Adjusted ORc (95% CI)

P valueb

Q6. If you have/had a daughter, do/would you consider getting her vaccinated against HPVd?
Men

1.55 (1.13-2.13)

.01

1.46 (1.05-2.02)

.03

Women

1.11 (0.77-1.59)

.58

1.20 (0.83-1.73)

.33

1.60 (1.13-2.26)

.01

1.53 (1.08-2.18)

.02

1.04 (0.70-1.57)

.84

1.21 (0.80-1.83)

.38

Q7. If you have/had a son, do/would you consider getting him vaccinated against HPV?
Men
Women
e

Q8. Would you consider undergoing a pap smear? If male, will you want your family or partner to have a smear?
Men

1.05 (0.78-1.42)

.76

1.04 (0.77-1.42)

.78

Women

1.15 (0.85-1.56)

.36

1.18 (0.87-1.61)

.30

Q9. Would you undergo the cancer screening tests recommended by the government?
Men

1.01 (0.76-1.34)

.94

1.02 (0.76-1.36)

.92

Women

1.25 (0.93-1.69)

.15

1.31 (0.96-1.79)

.09

Q10. Do you plan informing family members, friends, or others about cancer prevention and screening (through Facebook, LINE, Twitter,
etc)?

a

Men

1.27 (0.96-1.67)

.09

1.24 (0.94-1.64)

.13

Women

1.08 (0.82-1.42)

.58

1.11 (0.84-1.47)

.47

OR: odds ratio.

b

P value estimated using binomial logistic regression analysis.

c

Q2 and Q4 were included as covariates in the adjusted OR in the analysis involving men. Q1, Q2, and Q5 were included as covariates in the adjusted
OR in the analysis involving women.
d

HPV: human papillomavirus.

e

Pap: Papanicolaou test.

Discussion
Principal Findings
We conducted a web-based randomized controlled trial (RCT)
to assess the benefits of BI-material employing brief scientific
information and its ability to motivate individuals to consider
the HPV vaccine for their children. Our results showed that
providing brief scientific information could increase the
willingness to consider HPV vaccination for daughters and sons.
This effect was observed typically among male participants.
Similar minor interventions may potentially modify mindsets
favorably. However, such brief digital information failed to
affect the mindset in women. A possible reason why the
intervention was more effective among men than women is that
women had a more negative image toward HPV vaccination.
There was a significant difference between men and women in
the awareness level. Overall, 45.7% of women responded that
they know about the adverse events of HPV vaccination, while
this rate was 19.8% in men (data not shown). Such awareness
might have influenced the difference in the intervention effect.
In terms of the COVID-19 pandemic, a difference in awareness
of prevention strategies was observed between men and women
[20]; therefore, it is essential to build a method appropriate for
sex subgroups to transform general behavior via the internet
and social networking services.
https://www.jmir.org/2021/9/e28355
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Comparison With Prior Work
According to a systematic review regarding the effect of the
pedagogical approach on social awareness or action, more
reliable and validated studies are required to change the
perception or mindset of the target population [21]. This paves
the way for mitigating hesitancy toward vaccination [21].
Therefore, this RCT may be valuable to ensure a change in
public attitudes toward vaccination.
A systematic review revealed that general communication about
childhood vaccination resulted in a positive change by 20%;
however, this excluded the HPV vaccine [21]. In contrast, the
brief educational intervention was observed to improve the
willingness to consider the HPV vaccine for daughters and sons,
with aORs of 1.32 and 1.38, respectively (Table 2). Therefore,
when compared to the review data of the in-person approach
[21], the aORs were not small. Furthermore, the BI-material
was designed by a specialist of behavioral insight, resulting in
a moderate cost; therefore, this intervention is more reliable and
cost-effective than those used in previous studies.
A US RCT reported that education through social media is
effective for improving general awareness regarding vaccination.
However, the study was limited to a sample of 58 participants
[22]. A phase 2 Japanese trial evaluated how the extent of
intervention affected HPV vaccination acceptance and reported
that providing appropriate medical information resulted in
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beneficial effects [23]. Thus, this study proved the utility of
effective and adequate guidance in improving vaccine
acceptance. There is a paucity of literature on the efficacy of
pragmatic educational materials for HPV vaccination promotion
[22]. Therefore, more extensive trials focusing on the mode of
endorsing HPV vaccination like our trial are required for
evidence-based promotion.

Based on the sex-wise subanalysis, improved information in
male participants may be the key to improve the rate of HPV
vaccination in Japan. Additionally, video-based content with
patient feedback is expected to result in a broader impact. Thus,
a varied approach for men and women may be required.

Limitations

Inference of the Study Findings

We recognize several limitations in this study. First, the
sustainability of effective change was not evaluated. Typically,
with respect to health issues, taking action requires time.
Therefore, a study should assess not only a change in mindset,
but also the appropriate course of action. We have already
performed an RCT (UMIN000039273) assessing the
sustainability of general acceptance and concrete behavior for
HPV vaccination. Second, the impact of the study on the
behavioral outcome was unclear; specific vaccination
functioning needs to be tracked. Third, selection bias was present
as the respondents were Japanese individuals enrolled by an
internet survey company.

Our study revealed a positive outlook toward HPV vaccination
following a brief web-based educational intervention, especially
among men. Such an approach is extremely effective to
overcome challenges related to communication and information
overload.

Conclusions

Impact of the Findings
A brief web-based educational intervention based on the theory
of behavioral insights increases the willingness of Japanese
adults to consider the HPV vaccine for their daughters and sons.
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Abstract
Background: Effective, resource-efficient treatment is urgently needed to address the high rates of pediatric and adolescent
obesity. This need has been accelerated by the COVID-19 pandemic. The use of a mobile health tool as an early intervention
before a clinic-based multidisciplinary weight management program could be an effective treatment strategy that is appropriate
during a pandemic.
Objective: This study aims to assess the effectiveness of and adolescent engagement with a mobile app–based lifestyle intervention
program as an early intervention before enrollment in a clinic-based multidisciplinary weight management program.
Methods: This prospective single-cohort study involved adolescents, aged 10-16 years, who were overweight and obese (defined
as BMI percentile above the 85th percentile). Participants used the mobile Kurbo app as an early intervention before enrolling
in a clinic-based multidisciplinary weight management program. Kurbo’s health coaches provided weekly individual coaching
informed by a model of supportive accountability via video chat, and participants self-monitored their health behavior. The
implementation of Kurbo as an early intervention was evaluated using the reach, effectiveness, adoption, implementation, and
maintenance framework by reach (number who consented to participate out of all patients approached), implementation (Kurbo
engagement and evaluation), and effectiveness as measured by the primary outcome of the BMI z-score at 3 months. Secondary
outcome measures included changes in body fat percentage, nutrition and physical activity levels, and quality of life at 3 months.
Maintenance was defined as the outcome measures at 6-month follow-up.
Results: Of the 73 adolescents who were approached for enrollment, 40 (55%) of adolescents were recruited. The mean age
was 13.8 (SD 1.7) years, and the mean BMI z-score was 2.07 (SD 0.30). In the multiethnic Asian sample, 83% (33/40) of the
participants had household incomes below the national median. Kurbo engagement was high, with 83% (33/40) of participants
completing at least 7 coaching sessions. In total, 78% (18/23) of participants rated the app as good to excellent and 70% (16/23)
stated that they would recommend it to others. There were no statistically significant changes in BMI z-scores at 3 months (P=.19)
or 6 months (P=.27). Participants showed statistically significant improvements in measured body fat percentage, self-reported
quality of life, and self-reported caloric intake from the 3-day food diaries at 3 and 6 months.
Conclusions: The use of Kurbo before enrollment in an outpatient multidisciplinary clinical care intervention is a feasible
strategy to expand the reach of adolescent obesity management services to a low-income and racially diverse population. Although
there was no significant change in BMI z-scores, the use of Kurbo as an early intervention could help to improve quality of life
and reduce body fat percentage and total caloric intake.
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Introduction
Background
Mirroring global trends, the prevalence of overweight among
Singaporean adolescents increased from 2.2% in 1975 to 15.9%
in 2016. Overweight adolescents are at a higher risk for adult
obesity as well as short- and long-term medical and psychosocial
complications [1]. To address this concern in a resource-efficient
manner, experts have proposed a staged care approach for the
management of adolescents who are overweight and obese.
Those who are less successful in reaching a healthy weight
through less-intensive interventions, such as mobile health
(mHealth) apps [2], are then recommended for higher stage
interventions. mHealth apps have the potential for broad reach
and adoption among Singaporean youth because of their low
cost, widespread internet availability, and high levels of
smartphone ownership [3-5]. Given the current COVID-19
pandemic, mHealth is a timely and essential tool to engage
adolescents when in-person services are unavailable and when
COVID-19 response strategies contribute to decreased physical
activity and increase other unhealthy lifestyle behaviors [6,7,8].
The commercially available mHealth weight management
program, Kurbo, has provided individualized health coaching,
educational videos on nutrition and physical activity, and
self-monitoring to improve diet and physical activity behaviors
[9]. Prior research among Kurbo users showed that increased
engagement with the Kurbo features, including the web-based
coaching sessions, was associated with greater weight loss,
suggesting that Kurbo may be appropriate as an early-stage
intervention among adolescents with obesity [10].

Objectives
Therefore, the primary objective of this study is to examine the
implementation of Kurbo as an early intervention for adolescents
with obesity before enrollment in a clinic-based
multidisciplinary weight management program in Singapore.
The evaluation used the relevant dimensions of the reach,
effectiveness, adoption, implementation, and maintenance
evaluation framework [11].

Methods
Study Design
This was a prospective, single-arm study that conducted
evaluations at three time points: baseline, 3 months, and 6
months. A total of 40 participants, with informed parental
consent and child assent, were enrolled in the study at the point
of referral to the KK Women’s and Children’s Hospital (KKH)
weight management clinic (WMC). Participants were enrolled
between October 2018 and March 2019. All study procedures
were approved by the Singhealth Centralized Institutional
Review Board. The study was registered at ClinicalTrials.gov
(NCT03561597).
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Multidisciplinary WMC Clinic
KKH is an 830-bed tertiary pediatric teaching hospital that
provides two-third of the government-subsidized pediatric care
in Singapore. The adolescent WMC is a physician-led
multidisciplinary clinic where adolescents with overweight and
their families engage with a multidisciplinary care team
consisting of physicians, dietitians, exercise physiologists, and
psychologists to set and monitor behavioral goals to manage
obesity-related comorbidities. The KKH WMC protocols and
outcomes have been previously published, with a historical
dropout rate of 58% [12].
The usual waiting time for a first visit to the WMC clinic varies
from 4 to 8 weeks after the initial referral. For this study, WMC
providers had access to information about participants’ Kurbo
progress through an administrator site during this period. This
allowed for monitoring safety concerns and guiding discussions
during clinic visits. After the first WMC visit, dietary
recommendations and counseling were provided by the dietitian
according to the recommended nutritional guidelines. Physical
activity counseling was also performed by exercise trainers
based on the World Health Organization guidelines on physical
activity and sedentary behavior.

Study Participants
Adolescents, referred to the WMC, aged 10-17 years with a
BMI percentile above the 85th percentile [13], were eligible for
enrollment. Adolescents with secondary causes of obesity, such
as Cushing syndrome, those whose parents were non-English
speakers, and those without smartphone access were not eligible
for enrollment. Study participants were asked to download the
Kurbo app onto their mobile phones and enroll in the app at the
point of study enrollment. The participants had free access to
the Kurbo program.

Kurbo Program
Kurbo is a mobile app developed to aid adolescents and their
families with weight management through dietary
self-monitoring and weekly coaching sessions (Figure 1). The
details of the Kurbo mobile app and use of supportive
accountability in the coaching program have been described
previously [10,14]. In short, the Kurbo program consists of a
mobile app for self-monitoring of eating, physical activity
behaviors, and weight and individualized coaching sessions by
Kurbo-certified behavioral coaches. The mobile app’s
data-driven platform provides users with feedback via push
notifications, text messages, and emails. Using the traffic light
diet to categorize foods [15], Kurbo promotes the gradual
reduction of high-calorie (red) foods over time. Study
participants were asked to use the mobile app to log their daily
food intake and were encouraged to gradually reduce their red
food consumption and increase consumption of green food.
They were also recommended to monitor their daily physical
activity levels and to work toward the recommended 60 minutes
of moderate-to-vigorous physical activity (MVPA) each day.
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Weight tracking and uploading into the app were recommended
at least weekly. Individualized coaching included a weekly
check-in with the coach for 15 minutes via video, phone, or text
over a 12-week period. Participants were paired with the same
coach for the duration of the program. Coaches monitored

Chew et al
participants’ self-report of weight, physical activity, and dietary
behaviors and provided individualized feedback based on the
information provided. After each coaching session, coaches
emailed a copy of the session summary and a tailored plan for
the coming week.

Figure 1. Screenshot of Kurbo app.

Measures
Demographic and parental characteristics were obtained at the
baseline. Questionnaires and food diaries were obtained through
self-reports using physical forms during the study visits.

Evaluation
The implementation of the Kurbo program as an early
intervention was evaluated using the relevant dimensions of
reach, effectiveness, adoption, implementation, and maintenance
framework [11] as follows: (1) reach, number who consented
to participate out of all patients approached; (2) implementation,
program engagement as detailed for the 12-week program and
program evaluation; (3) effectiveness, measured by 3-month
BMI z-score changes from baseline and changes in blood
pressure, nutritional intake physical activity levels, quality of
life, and disordered eating behaviors as defined below; and (4)
https://www.jmir.org/2021/9/e20520
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maintenance, measured using the identical outcomes at 6 months
and 3 months after the program conclusion. Throughout the
12-week program, we also recorded the weekly frequency of
information entered for meal consumption, body weight,
physical activity, and coaching sessions. We evaluated
satisfaction with the Kurbo program through solicitation of
participants’ feedback on ease of program navigation and overall
use as well as their likelihood to recommend Kurbo to others.

Anthropometric and Blood Pressure Measurements
Height, weight, waist circumference [16], body fat percentage
[17], and blood pressure were measured by trained staff at each
study visit in the clinic. Height was measured to the nearest 0.1
cm via a stadiometer (Seca, Model 220). Weight was measured
to the nearest 0.1 kg using a medical weighing scale without
shoes and in light clothing. Body fat percentage was assessed
J Med Internet Res 2021 | vol. 23 | iss. 9 | e20520 | p.328
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using bioimpedance analysis (Impedimed, DF50 Body
Composition Analyser). Blood pressure was measured using
an electronic sphygmomanometer (Dinamap model 8101,
Critikon Inc). Anthropometric measurements were taken at
baseline and at 3 and 6 months.

Nutritional Intake
Adolescents’ daily total caloric intake and fruit and vegetable
consumption were assessed using a 3-day food diary that has
been previously validated for use with Singaporean adolescents
[18,19]. The food diary was administered at baseline and at 3
and 6 months.

Physical Activity Levels
Physical activity was assessed using a wGT3X+ ActiGraph
accelerometer. Participants wore the accelerometer for a 7-day
period at baseline, 3 months, and 6 months. The ActiGraph data
were processed using ActiLife 6 software. The Puyau cutoff
point of 3200 counts per minute was used to estimate the time
spent in MVPA. When 20 minutes of consecutive zeros were
present in the accelerometry data, it was assumed that the
monitor was not being worn at that time. All days with >500
minutes of valid data were included in the analysis [20-22].

Psychosocial Outcomes
Self-reported questionnaires were administered to adolescents
at baseline, 3 months, and 6 months. The Pediatric Quality of
Life Inventory (PedsQoL; UK version 4) was administered to
evaluate physical, emotional, school, and social functioning.
The Eating Pattern Inventory for Children (EPI-C) [23] was
used to assess four dimensions of psychological eating behavior:
external eating, emotional eating, dietary restraint, and parental
pressure to eat. Higher scores were indicative of concerning
behavior in each dimension. Both the PedsQoL and EPI-C have
been validated in adolescent cohorts, including overweight
adolescents [24,25].

Statistical Analysis
Data were analyzed using SPSS version 9.3 for Windows (IBM
Corp). BMI was computed as kg/m2, and the BMI z-score was
calculated using the L, M, and S parameters published by the
Centers for Disease Control and Prevention [13]. Baseline
demographic, anthropometric measurements, and parent
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characteristics were compared between study completers and
those who dropped out of the study using the Wilcoxon
rank-sum test and two-sample, 2-tailed t tests for nonnormal
and normal continuous variables, respectively, and the Fisher
exact test for categorical variables. Changes in anthropometric
measurements, quality of life, disordered eating behaviors,
MVPA, total caloric intake, and blood pressure measurements
between the first visit and months 3 and 6 were compared using
paired-sample t tests. Linear regression was used to determine
the association between BMI z-scores at 3 months (primary
outcome) and the number of WMC visits attended during the
Kurbo program. The level of statistical significance was set at
P<.05.

Results
Implementation of Kurbo Program as an Early
Intervention
Reach
Of the 73 eligible participants, 40 (55%) were consented and
enrolled in the study. The mean age of the participants was 13.8
(SD 1.7) years. Among this, 58% (23/40) of the enrolled
adolescents were male, 45% (18/40) were Chinese, 33% (13/40)
were Malay, and 13% (5/40) were Indian. Of 40 participants,
32 (80%) were referred to WMC as a result of opportunistic
screening during medical visits for nonobesity-related conditions
and 8 (20%) were referred specifically for obesity-related
comorbidities. Moreover, 65% (26/40) of participants had a
family history of metabolic diseases, and 83% (33/40) of
accompanying parents were overweight or obese. Overall, 83%
(33/40) of participants had household income less than the
national median monthly household income of SGD 9500 (US
$7125) [26], and approximately one-third had a monthly
household income below SGD 2000 (US $1500). Half of the
accompanying parents had a secondary school–level education
or less. Other baseline characteristics of the participants are
summarized in Table 1. There were no significant differences
in baseline characteristics between those who completed the
study and those who dropped out (Table 1). In total, 53% (21/40)
of adolescents completed the 3-month assessment, and 50%
(20/40) completed the 6-month assessment (Figure 2).

J Med Internet Res 2021 | vol. 23 | iss. 9 | e20520 | p.329
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Chew et al

Table 1. Baseline characteristics of participants in the study (N=40).
Characteristics

Total (N=40)

Completers (n=20)

Drop-outs (n=20)

P value

23 (58)

12 (60)

11 (55)

.79

Baseline characteristics
Gender (male), n (%)
Ethnicity, n (%)

.25

Chinese

18 (45)

12 (60)

6 (30)

Malay

13 (33)

3 (15)

11 (55)

Indian

5 (13)

2 (10)

3 (15)

Other

4 (10)

4 (35)

0 (0)

Weight category, n (%)

.32

Overweight

8 (20)

5 (25)

3 (15)

Obesity

32 (80)

15 (75)

17 (85)

Family history of metabolic diseases, n (%)

26 (65)

12 (60)

14 (74)

.37

Age (years), mean (SD)

13.8 (1.7)

14.6 (1.5)

13.4 (1.8)

.62

Body mass (kg), mean (SD)

81.2 (17.2)

83.8 (19.1)

78.6 (15.1)

.34

Height (cm), mean (SD)

161.9 (11.4)

163.3 (12.2)

160.4 (10.7)

.43

BMI (kg/m ), mean (SD)

30.7 (3.9)

30.6 (4.3)

30.3 (3.5)

.79

BMI z-scores, mean (SD)

2.07 (0.30)

2.05 (0.34)

2.09 (0.25)

.68

Waist-to-height ratio, mean (SD)

0.61 (0.06)

0.60 (0.06)

0.61 (0.05)

.80

Body fat percentage (%), mean (SD)

43.3 (5.9)

42.8 (5.8)

44 (6)

.53

Systolic

121 (13)

120 (13)

117 (10)

.26

Diastolic

69 (9)

68 (10)

67 (5)

.60

Age (years), mean (SD)

43.6 (5.3)

44.7 (5.2)

42.5 (5.2)

.19

Gender (female), n (%)

33 (82)

17 (85)

16 (80)

.68

Overweight

11 (28)

7 (35)

4 (20)

.57

Obesity

22 (55)

10 (50)

12 (60)

.57

2

Blood pressure (mm Hg), mean (SD)

Accompanying parental baseline characteristics

Weight status, n (%)

Marital status, n (%)

.79

Married parent

33 (82)

17 (85)

16 (80)

Single parent

7 (18)

3 (15)

4 (20)

Highest education level, n (%)

.11

Secondary school (equivalent to 10 years of education)

21 (53)

8 (40)

13 (65)

Diploma

11 (27)

8 (40)

3 (15)

Bachelor’s degree and above

8 (20)

4 (20)

4 (20)

Monthly household income (SGD; US $), n (%)
Below 1500 (1125)

13 (33)

4 (20)

9 (45)

1500-4499 (1125-3374.25)

12 (31)

9 (45)

3 (15)

4500-7500 (3375-5625)

11 (26)

6 (30)

5 (25)

Not reported

4 (10)

1 (5)

3 (15)
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Figure 2. CONSORT (Consolidated Standards of Reporting Trials) diagram showing the flow of participants through each stage of the trial. WMC:
weight management clinic.

Engagement and Evaluation
Overall, 83% (33/40) of participants completed at least 1 health
coaching session. Participants completed a median of 7 (IQR
2-10) weekly sessions. Initial participant engagement across all
Kurbo components was initially high but decreased over time
(Figure 3). During the 12-week program, participants logged
mean of 4.1 (SD 2.1) weight measurements. On average,
participants tracked mean green foods 3.8 (SD 3.9) times and
red foods 4.6 (SD 3.7) times and recorded physical activity 3.2
(SD 2.6) times each week. In addition, 18% (7/40) of
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participants did not engage in any health coaching session,
weight, meals, or physical activity tracking.
A total of 23 participants completed the evaluation of Kurbo
and individual components, as shown in Figures 4 and 5.
Participants rated communication with the health coach as the
most user-friendly and useful component. A total of 21
participants reported following the health coaches’ advice to a
moderate-to-large extent. The participants did not report
difficulties in using the app. Moreover, 18 participants rated
the app as good to excellent, with 16 participants stating that
they would recommend it to others.
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Figure 3. Number of participants who logged in at least one weight, food, or physical activity by week.

Figure 4. User-friendliness of the various components of Kurbo where 1=very difficult and 5=very easy.
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Figure 5. Usefulness of the various component of Kurbo where 1=not useful and 5=very useful.

Effectiveness (3-Month Outcome) and Maintenance
(6-Month Outcome)
Anthropometric and Blood Pressure Outcomes
There were no significant changes in BMI z-score (primary
outcome) at either 3 or 6 months. However, there was a
significant reduction in body fat percentage at both 3 months

(−1.3%; 95% CI −2.5% to −0.2%; P=.03) and 6 months (−2%;
95% CI −3.6% to −0.4%; P=.02; Table 2). After adjusting for
multidisciplinary weight management visits during engagement
with Kurbo P, there was no significant difference in BMI
z-scores at 3 months (F27=0.406; P=.53). No significant
differences were detected at 6 months for blood pressure, waist
circumference, or waist-to-height ratio (Table 2).

Table 2. Changes in adolescents’ anthropometric and blood pressure (N=40).
Variable

a

Baseline to 3 months (n=21)

Baseline to 6 months (n=20)

Value, mean (SD; 95% CI)

P value

Value, mean (SD; 95% CI)

P value

Body mass (kg)

2.7 (4.74; 0.5 to 4.8)

.02

3.59 (4.55; 1.45 to 5.71)

.002

BMI z-score

0.045 (0.15; −0.024 to 0.114)

.19

0.035 (0.14; −0.028 to 0.098)

.27

Waist circumference (cm)

1.1 (6.74; −1.9 to 4.2)

.45

0.3 (6.21; −2.6 to 3.2)

.84

Waist-to-height ratio

−0.003 (0.040; −0.20 to 0.015)

.75

0.004 (0.038; −0.014 to 0.022)

.67

Body fat (%)

−1.31 (2.54; −2.47 to −0.15)

.03

−2.0 (3.46; −3.6 to −0.38)

.02

Systolic BPa (mm Hg)

−5.5 (9.21; −9.8 to −1.2)

.02

−2.1 (9.62; −6.8 to 2.5)

.35

Diastolic BP (mm Hg)

−4.2 (8.50; −8.1 to −0.2)

.04

−3.2 (8.47; −7.3 to 0.85)

.11

BP: blood pressure.

Eating and Physical Activity Behaviors
The 3-day food diary revealed significant reductions in caloric
intake at 3 months (mean −300, SD 456; 95% CI −576 to −24;
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P=.04) and 6 months (mean −332, SD 517; 95% CI 598 to −66;
P=.02; Table 3) [5]. Moreover, the time spent in MVPA
(minutes) at 6 months increased (mean 5.3, SD 4.8; 95% CI
0.88-9.75; P=.03; Table 3).

J Med Internet Res 2021 | vol. 23 | iss. 9 | e20520 | p.333
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Chew et al

Table 3. Changes in adolescents’ health behavior and psychosocial parameters (N=40).
Variable

Baseline to 3 months (n=21)

Baseline to 6 months (n=20)

Value, mean (SD; 95% CI)

P value

Value, mean (SD; 95% CI)

P value

Total (kcal/day)

−300 (457; −576 to −24)

.04

−332 (518; −598 to −66)

.02

Servings of vegetables per day

−0.17 (0.50; −0.5 to 0.1)

.24

−0.0 (0.79; −0.4 to 0.4)

.99

Average moderate-to-vigorous physical activity per day
(minutes)

1.47 (10.03; −4.3 to 7.2)

.59

5.3 (4.78; 0.88 to 9.75)

.03

Total

2.4 (13.11; −3.1 to 7.9)

.38

1.4 (11.67; −4.2 to 7.0)

.61

Physical

4.0 (13.56; −1.7 to 9.8)

.16

1.0 (11.60; −4.6 to 6.6)

.72

Emotional

6.5 (23.34; −3.4 to 16.3)

.19

9.7 (20.58; −0.2 to 19.7)

.05

School

8.3 (18.28; 0.6 to 16.1)

.04

6.9 (13.52; 0.2 to 13.7)

.04

Psychosocial

6.3 (14.52; 0.2 to 12.5)

.04

6.5 (12.98; 0.2 to 12.7)

.04

Dietary restraint

0.033 (0.42; −0.15 to 0.21)

.72

0.00 (0.48; 0.23 to −0.23)

.99

External eating

−0.087 (0.82; −0.44 to 0.27)

.62

−0.19 (0.65; −0.50 to 0.12)

.22

Parental pressure to eat

0.116 (0.54; −0.12 to 0.35)

.31

0.018 (0.66; −0.30 to 0.33)

.91

Emotional eating

0.00 (0.79; −0.34 to 0.34)

.99

0.171 (0.67; −0.15 to 0.49)

.28

Adolescents Pediatric Quality of Life Inventory

Eating Pattern Inventory for Children

Psychosocial Outcomes
At 3 months, adolescents’ self-reported quality of life improved
in the school (mean 8.3; 95% CI 0.6-16.1; P=.04) and
psychosocial (mean 6.3; 95% CI 0.19-12.5; P=.04) domains
(Table 2). These improvements persisted for 6 months. There
were no significant changes in eating patterns, including dietary
restraint, external eating, parental pressure to eat, and emotional
eating subscales.

Discussion
Principal Findings
This pilot study is one of the few studies to evaluate the
implementation of a multicomponent mobile app as an early
intervention before enrollment in an adolescent WMC. The
Kurbo pilot was successful in reaching a low-income and
racially diverse population. Although there was no significant
reduction in BMI z-scores, there were significant improvements
in fat percentage, total caloric intake, and quality of life,
suggesting potential benefits of enrolment and the need for a
more formal randomized trial.

of BMI changes among our participants. However, this lack of
engagement is not unique to Kurbo, as other programs, including
clinic-based programs, have shown similar levels of engagement
[29-31].
Our results show that the maximal period of engagement with
Kurbo occurred in the first 7 weeks, which corresponded to the
period between the initial WMC referral and the first WMC
clinic visit. This suggests that Kurbo may be helpful in engaging
participants as an early intervention before the first WMC visit.
Early engagement may account for the increase in WMC
attendance at 6 months (20/40, 50% attendance) compared with
our historical rate of 42.1% (51/121). The use of a mobile app
as an early intervention also provided mutual benefits to both
the health care provider team and Kurbo health coaches. The
administrator platform allowed the multidisciplinary team to
gain a better understanding of patient progress in health
behaviors and weight before presenting to the clinic. This
allowed for more targeted discussions about barriers that
adolescents faced in the management of obesity and more
efficient care. Kurbo health coaches were able to highlight any
concerns that they faced during the health coaching sessions of
the health care team.

Obtaining a reach of 58% is comparable with that of other
pediatric obesity studies [27]. Moreover, the high percentage
of minority, lower education, and low-income enrollees suggests
that Kurbo is more likely to reach disadvantaged populations
than traditional in-person programs. Given the high rates of
obesity among children of lower socioeconomic status, this is
a significant advantage of Kurbo.

A challenge with Kurbo as an early intervention was the high
attrition rate. Although the study’s dropout rate of 50% (20/40)
is less than the in-clinic rate of 57.8% (70/121), it suggests that
strategies need to be crafted to reduce attrition if Kurbo is to be
successfully used as an early-stage intervention. Further research
on the reasons for attrition is recommended.

Kurbo participants completed a median of 7 (IQR 2-10)
coaching sessions. This level of engagement is considered very
low (<10 hours of intervention time) based on the US Preventive
Special Task Force criteria [28]. This may account for the lack

Despite the lack of changes in BMI z-scores, a significant
improvement in quality of life is an important finding. Quality
of life among adolescents with overweight is lower than that
among normal-weight peers [25] and youth with other chronic
conditions [32]. Improvement in quality of life has been reported
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with participation in other obesity treatment programs, even in
children who do not achieve significant weight loss [33]. Given
the prevalence of weight-based victimization experienced by
adolescents with obesity in school [34], the improvement in the
school dimension of quality of life is promising. Improvement
in quality of life is critical, as it has been associated with
improved long-term health indicators, with lower use of health
care resources and greater long-term weight reduction [35]. To
the best of our knowledge, improvement in self-reported quality
of life has not previously been reported with the use of a mobile
app to address adolescent obesity, which should be validated
in future research.
Reassuringly, our study found no measured increase in
disordered eating behaviors, as measured by the EPI-C. On the
basis of these results, the integrated model of a mobile app with
multidisciplinary adolescent obesity management is unlikely to
increase disordered eating behaviors despite concerns for the

Chew et al
development of disordered eating habits with the use of mobile
apps [36].

Limitations
This study had several limitations. The study had a small sample
size and a high attrition rate. Second, as this was a feasibility
study, the study did not include a control group.

Conclusions
In this pilot study, the use of the Kurbo mobile app as an early
intervention before a multidisciplinary clinical care for
adolescent obesity treatment is feasible in a low-income and
ethnically diverse Asian population. Although there was no
significant change in the BMI z-score, Kurbo showed promise
in improving quality of life and reducing body fat percentage
and total caloric intake. Given the promising outcomes in several
dimensions, further research using more rigorous trial designs
should be conducted to evaluate the effects of Kurbo as part of
an early, stepped care intervention for adolescents with obesity.
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Abstract
Background: College environments promote high-volume or binge alcohol consumption among youth, which may be especially
harmful to those with type 1 diabetes (T1D). Little is known about the acceptability and effectiveness of interventions targeting
reduced alcohol use by college students with T1D, and it is unclear whether intervention framing (specifically, the narrator of
intervention messages) matters with respect to affecting behavior change. Interventions promoted by peer educators may be highly
relatable and socially persuasive, whereas those delivered by clinical providers may be highly credible and motivating.
Objective: The aim of this study is to determine the acceptability and impacts of an alcohol use psychoeducational intervention
delivered asynchronously through web-based channels to college students with T1D. The secondary aim is to compare the impacts
of two competing versions of the intervention that differed by narrator (peer vs clinician).
Methods: We recruited 138 college students (aged 17-25 years) with T1D through web-based channels and delivered a brief
intervention to participants randomly assigned to 1 of 2 versions that differed only with respect to the audiovisually recorded
narrator. We assessed the impacts of the exposure to the intervention overall and by group, comparing the levels of alcohol- and
diabetes-related knowledge, perceptions, and use among baseline, immediately after the intervention, and 2 weeks after intervention
delivery.
Results: Of the 138 enrolled participants, 122 (88.4%) completed all follow-up assessments; the participants were predominantly
women (98/122, 80.3%), were White non-Hispanic (102/122, 83.6%), and had consumed alcohol in the past year (101/122,
82.8%). Both arms saw significant postintervention gains in the knowledge of alcohol’s impacts on diabetes-related factors,
health-protecting attitudes toward drinking, and concerns about drinking. All participants reported significant decreases in binge
drinking 2 weeks after the intervention (21.3%; odds ratio 0.48, 95% CI 0.31-0.75) compared with the 2 weeks before the
intervention (43/122, 35.2%). Changes in binge drinking after the intervention were affected by changes in concerns about alcohol
use and T1D. Those who viewed the provider narrator were significantly more likely to rate their narrator as knowledgeable and
trustworthy; there were no other significant differences in intervention effects by the narrator.
Conclusions: The intervention model was highly acceptable and effective at reducing self-reported binge drinking at follow-up,
offering the potential for broad dissemination and reach given the web-based format and contactless, on-demand content. Both
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intervention narrators increased knowledge, improved health-protecting attitudes, and increased concerns regarding alcohol use.
The participants’ perceptions of expertise and credibility differed by narrator.
Trial Registration: ClinicalTrials.gov NCT02883829; https://clinicaltrials.gov/ct2/show/NCT02883829
International Registered Report Identifier (IRRID): RR2-10.1177/1932296819839503
(J Med Internet Res 2021;23(9):e26418) doi:10.2196/26418
KEYWORDS
adolescent; young adult; diabetes mellitus; type 1; binge drinking; alcohol drinking; self care; risk-taking; universities; students;
attitude; mobile phone

Introduction
Background
Effective management of chronic conditions such as type 1
diabetes (T1D) is affected by individual-, family-, community-,
and health care system–level features [1]. For adolescents and
young adults with T1D who may struggle to meet glycemic
targets [2], disease self-management (eg, blood glucose
monitoring) and risk behaviors (eg, alcohol consumption and
poor diet) are some of the many factors that influence the
achievement of glycemic targets [3,4]. The transition to college
may be a particularly vulnerable period, as self-management
processes are disrupted, risk behaviors rise, and access to support
and supervision from family and health care providers
diminishes [5].
Clinical studies in the United States have found that 1 in 3
youths with T1D may drink alcohol by the time they reach high
school [6]. Postsecondary education (eg, college or university)
students with T1D may be especially vulnerable to initiating or
intensifying alcohol use, as many reside in settings that are
ill-prepared to identify and support their health needs [7].
Alcogenic college environments [8-10] create social pressures
that foster alcohol use [11,12]. Despite the risks associated with
alcohol consumption and T1D [13,14], college-aged youths
with T1D have poor alcohol-related health literacy [15,16] and
engage in risky alcohol use [8,17]. There is a dearth of
evidence-based interventions to minimize alcohol-related risks
in youths with T1D in general [3,16,18] and fewer targeting
those in college [19].
Given the high potential for alcohol-related health harm, it is
critically important to identify how best to engage college
students with T1D around harm reduction [20]. Consistent with
the students’ developmental status, successful interventions
may require a patient-centered focus and peer or provider
directives, reinforcing the value of health-protecting behavior
[21-24]. A digital approach to delivering specialized information
may be especially advantageous in situations where college
students are distanced from their specialty care or where college
health services may be underresourced for the provision of
chronic disease–specific guidance [25]. The digitally oriented
nature of this age group suggests that the students will be highly
receptive to such delivery [26]; however, even digital materials
may benefit from delivery by a compelling spokesperson who
can appropriately frame the educational materials.
Communication sciences and behavioral economics posit
different ways in which the presentation of information can
https://www.jmir.org/2021/9/e26418
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affect decision-making; thus, understanding the acceptability
and impact of different narrators for delivering harm reduction
messages may optimize their effects. Peer delivery could be
especially meaningful if college students with T1D personally
identify with the narrator and feel supported regarding the
distress arising from contravening social norms that encourage
drinking. Conversely, provider delivery may be highly
salient—clinician expertise, gravitas, and the grounding of
guidance in diabetes science may be impactful for shaping health
beliefs and behaviors.

Objective
The aims of this study are to understand the acceptability of a
digital health intervention for addressing alcohol use risk among
college students with T1D and to test the relative salience of
two types of narrators for its delivery and framing. Consistent
with a stepped approach for designing behavioral interventions
[27,28], we undertook a pilot trial to evaluate the acceptability
and impacts of the intervention overall and measure the relative
salience of competing versions of the intervention, with one
version delivered by a peer educator and another delivered by
a specialty care provider (ie, a medicine-pediatric
endocrinologist). The intervention coupled diabetes-related
medical science and social-emotional content, building on
formative work indicating that both elements are considered
high priorities for substance use–related interventions targeting
adolescents and young adults with chronic conditions [22].
Given prior evidence about the effectiveness of peer support
for diabetes self-management [29-34], we hypothesized that
exposure to peer delivery of this information would show higher
acceptability and impacts on knowledge, attitudes, and behaviors
than provider delivery.

Methods
Overview
We implemented a pilot trial to test two competing versions of
a novel psychoeducational intervention targeting alcohol-related
knowledge, attitudes, and behaviors of college students with
T1D from the United States and Canada. The approach to
engaging participants has been previously reported [35]. For
the pilot, we randomized the narrators delivering and framing
the educational materials. Both structured and open-ended
survey data were collected. This study was approved by the
institutional review board.
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Recruitment and Consent
The participants were recruited from two diabetes advocacy
groups through social media, direct email newsletters, and a
website banner. The recruitment messages were linked to a
website with additional study details and safety resources. The
website, in turn, transferred interested individuals to a REDCap
(Research Electronic Data Capture) survey hosted on secure
servers; the website and survey were accessible on a smartphone,

Wisk et al
tablet, or computer. After entering the survey, the individuals
completed the web-based informed consent (or assented with
a waiver of parental consent for those aged 17 years). Additional
details of recruitment procedures and study implementation,
including an evaluation of sampling procedures and
generalizability, have been previously published [35] and are
summarized in the CONSORT (Consolidated Standards of
Reporting Trials) diagram (Figure 1).

Figure 1. Trial CONSORT (Consolidated Standards of Reporting Trials) diagram showing participant flow through each stage of the randomized trial
from recruitment through analyses.

After providing consent, the respondents answered screening
questions to ascertain eligibility (aged 17-25 years, received a
diagnosis of T1D, and currently attending, enrolled at a college,
or university), and those who met the inclusion criteria (hereafter
participants) were directed to complete the remainder of the
baseline survey.
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Intervention and Assessments
Upon completion of the baseline survey, the participants were
automatically randomized to receive one of two brief
psychoeducational videos narrated by either an endocrinologist
(provider) or a college student with T1D (peer educator). A
REDCap module executed stratified randomization based on
sex, year in college, and alcohol use in the past year. The
intervention video included educational content about the effects
of alcohol on physical and psychological functioning in persons
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with T1D and addressed the social aspects of alcohol use
through visually rich, annotated graphics that described how
and why youths with T1D choose to limit alcohol use in social
settings; overall, the video had a harm reduction rather than
abstinence focus that did not specifically call for abstinence or
suggest safe limits in use.

role. Other than the narrator, all video content was identical.
The final versions of the intervention (approximately 7.5 minutes
in duration) were uploaded to a private channel on a video
hosting site and embedded within the REDCap survey so that
the participants could automatically view the video without
having to exit the survey.

To develop the psychoeducational content for the intervention,
we conducted qualitative interviews using a semistructured
interview guide grounded in social cognitive theories of
risk-taking among adolescents with chronic conditions [22].
The topics covered daily experiences of the patient’s medical
condition; information about personal, social, situational, and
clinical factors affecting decision-making regarding alcohol
use; and preferences for clinical communication about substance
use. The results of the qualitative interviews, in combination
with prior epidemiological investigations to ascertain salient
concerns, motivations, and consequences of alcohol use
[6,9,22,36-38], informed the development of an intervention
containing patient-centered, accessible information regarding
disease-specific concerns and goals while also addressing the
complexity of navigating chronic disease management and
alcohol use in the setting of adolescent-typical peer pressures
and impulses. Clinically accurate content to address
disease-specific concerns related to alcohol use within the
context of T1D (eg, the effects of alcohol on glucagon efficacy
and identification of hypoglycemic symptoms) was developed
with input from pediatric endocrinologists, chronic disease
epidemiologists, and a developmental behavioral pediatrician
specializing in addiction medicine and treating adolescent
substance use. Experiential or slice of life observations about
alcohol use and living with T1D were also incorporated into
the intervention using illustrative quotes taken from formative
qualitative research [22], with content designed to address the
main social and psychological concerns of the target group.
Drawings created by an artist embedded in the study team aided
in the explanation of both clinical and social-behavioral concepts
and were included in the intervention.

The participants completed a brief survey immediately after
viewing the video, and 2 weeks after completion of the initial
session (baseline survey, intervention video, and immediate
postintervention survey), they were sent a follow-up survey
through email (automated through REDCap, with up to two
additional reminders). The participants received a US $20 gift
card for completion of each of the two sessions (initial and
follow-up). Of the 138 valid responses at baseline, 134 (97.1%)
completed the immediate postintervention survey, and 122
(88.4%) subsequently completed the follow-up assessment.
Compared with the participants with complete follow-up, those
lost to follow-up were older at diagnosis (13.3 years vs 10.6
years; P=.04; data not shown); no other significant differences
were observed.

Before testing, the intervention underwent formative evaluation
through iterative rounds of piloting (for accessibility and
acceptability) with patients representing the target group (ie,
adolescents and young adults with T1D presenting for routine
clinical care to an outpatient hospital clinic). Feedback on the
intervention was collected in a structured session with trained
members of the research team. The formative evaluation also
included a review by pediatric endocrinologists to ensure the
accuracy of clinical and health-related content before moving
to video production and with stakeholders representing the
advocacy organizations through which the study samples were
to be recruited. The visual intervention content was then overlaid
with the corresponding audio explanation, narrated by either a
peer or provider narrator. The narration scripts were identical
for both the peer and provider versions of the intervention, with
the exception of the initial narrator introductions containing
narrator-specific identification (ie, the narrator’s name and role
or credentials). The peer and provider narrators were
purposefully selected to be of the same gender and same race,
and they were similarly styled to reduce the influence on
audience perceptions related to factors other than the narrator’s
https://www.jmir.org/2021/9/e26418
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Covariates
The participants provided sociodemographic data (eg, age, sex,
race or ethnicity, parental education, health insurance,
enrollment status, school year, living arrangement, and region
of college or university attended) and clinical information (eg,
age during diagnosis or disease duration, last glycated
hemoglobin [HbA1c] value, current insulin pump use, current
continuous glucose monitoring [CGM] device use, average
blood glucose tests per day, average HbA1c tests per year, and
self-rated health) at baseline.

Self-reported Alcohol Use (Primary Outcome)
The participants self-reported alcohol use behaviors at baseline
and follow-up assessments, including validated measures of
binge use during the past 2 weeks (defined as having 3, 4, 5, or
more drinks containing alcohol on one occasion, depending on
age and sex threshold [39]). The participants identified any
recent events or breaks that were atypical for their schedule in
response to novel questions. The events were grouped into those
potentially associated with a greater likelihood of drinking (eg,
spring break spent with friends) or those with a reduced
likelihood of drinking (eg, midterms or final examinations).

Knowledge, Attitudes, and Concerns Toward Alcohol
Use (Secondary Outcomes)
The secondary outcomes relied on novel test batteries that were
developed for a series of related studies and informed by clinical
reviews and epidemiologic insights [6,22,40,41]. During all
three assessments, the participants were asked about their
knowledge of the potential impacts of alcohol use on diabetes
(10 items with responses of “true,” “false,” or “don’t know”),
attitudes toward drinking with diabetes (six items rated from
“strongly disagree” [score=1] to “strongly agree” [score=10],
with two items only asked among drinkers), and concerns about
the potential impact of alcohol on diabetes (seven items rated
from “not concerned” [score=0] to “very concerned” [score=6]).
To summarize knowledge, the number of correct items was
determined. To summarize attitudes and concerns, the mean
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score across all items was determined for each; higher scores
reflected health-protecting attitudes toward drinking or greater
concern about the impact of alcohol. Although the measures
were novel and not previously validated, they demonstrated
reasonable internal consistency (Cronbach α=.9079 for concerns
and .6462 for attitudes).

Intentions and Impressions (Secondary Outcomes)
At postintervention and follow-up assessments, the participants
were asked about their impressions of the video (13 items rated
from “strongly disagree” [score=1] to “strongly agree”
[score=10]) and their intentions (10 items rated from “definitely
will not” [score=1] to “definitely will” [score=8], with two items
only asked among drinkers). To summarize impressions and
intentions, the mean score across all items was determined for
each; higher scores reflected more favorable impressions of the
intervention (ie, acceptability) or greater intention to engage in
lower-risk behaviors. The measures demonstrated reasonable
internal consistency (Cronbach α=.8581 for impressions and
.8294 for intentions). For aligning with intentions, the
participants were asked at the final follow-up to specify actual
behaviors, including (1) if they had talked in the past 2 weeks
with friends, health care providers, or someone else about how
alcohol affects diabetes and (2) the frequency with which they
tested their blood sugar before, during, or after drinking during
the past 2 weeks.
The participants were also prompted with open-response
questions on their diabetes care or alcohol use, first impressions
of the video (after the intervention), and final thoughts about
the video (final follow-up). The participants who endorsed
learning something new or having unanswered questions were
prompted for further clarification. These open-ended questions
were intended to complement the quantitative impression
measures by providing a more subjective and nuanced
perspective on intervention acceptability.

Analytic Approach
The analyses followed a mixed methods protocol, investigating
structured survey data and thematically coding optional
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comment data. Quantitative analyses were performed using
SAS version 9.4 (SAS Institute Inc). Statistical significance was
set at P<.05. All individuals who were randomized into the
study and completed the follow-up were included in the analyses
(N=122). Differences in characteristics between the arms were
assessed using appropriate bivariate tests (Table 1). Differences
in outcomes between the arms at baseline and follow-up were
evaluated using bivariate tests (Table 2). Multivariate mixed
effects models estimated the intervention effects on the
outcomes overall (main effects models) and by arm (interaction
models; Table 3); adjusted predictive margins were output from
these models to visualize the intervention effects (Figure 2).
Adjusted regression analysis models controlled for age at survey,
age at diagnosis, sex, race or ethnicity, parent education, last
HbA1c value, and CGM device use, while accounting for
repeated measures; the models for alcohol use outcomes were
additionally adjusted for atypical events affecting the likelihood
of drinking. We selected measures for covariate adjustment
based on their known association with alcohol use behaviors
(eg, age and sex), known association with diabetes knowledge
(eg, HbA1c value), or imbalance across treatment arm (eg,
parental education). We additionally evaluated the secondary
outcomes (change in knowledge, attitudes, and concerns from
baseline to after the intervention) as predictors of the overall
change in binge drinking (at final follow-up vs baseline). The
participants’ responses to the open-response questions were
analyzed using an iterative process, including open coding, to
identify emergent themes [22] and refinement of the coding
scheme over several rounds of joint review with 3 coders (RKT,
LEW, and ERW). Disagreements were resolved through
discussion and consensus. Themes that reflected consistent
commonality across the responses or important distinctive motifs
were specified; illustrative quotes for each theme were selected
and summarized as context to understand the impacts of the
intervention (Multimedia Appendix 1). All 122 participants
provided a textual response for their impression of the video,
and 91 provided a textual response for the remaining optional
prompts; the response rates did not differ by arm (P=.40).
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Table 1. Sociodemographic and clinical characteristics by intervention narrator (N=122).
Characteristics

Total

Peer

Provider

P value

Total, n (%)

122 (100)

63 (51.6)

59 (48.4)

N/Aa

20.46 (1.44)

20.35 (1.48)

20.58 (1.40)

.35

Sociodemographic characteristics
Age at survey (years), mean (SD)
Sex, n (%)

.86

Male

24 (19.7)

12 (19)

12 (20.3)

Female

98 (80.3)

51 (81)

47 (79.7)

Race and ethnicity, n (%)

.25

White or non-Hispanic

102 (83.6)

55 (87.3)

47 (79.7)

Person of color or Hispanic

20 (16.4)

8 (12.7)

12 (20.3)

Parental education, n (%)

.02

High school degree or less

8 (6.6)

2 (3.2)

6 (10.2)

Some college, no degree

16 (13.1)

6 (9.5)

10 (16.9)

Associate’s degree

13 (10.7)

7 (11.1)

6 (10.2)

Bachelor’s degree

43 (35.2)

18 (28.6)

25 (42.4)

Graduate degree

41 (33.6)

30 (47.6)

11 (18.6)

Unsure

1 (0.8)

0 (0)

1 (1.7)

Health insurance, n (%)

.78

Parent’s plan

108 (88.5)

57 (90.5)

51 (86.4)

Own plan (including school plan)

7 (5.7)

3 (4.8)

4 (6.8)

Public or uninsured

7 (5.7)

3 (4.8)

4 (6.8)

Enrollment status, n (%)

.68

Full time

109 (89.3)

57 (90.5)

52 (88.1)

Part time or other

13 (10.7)

6 (9.5)

7 (11.9)

Year in school, n (%)

.94

Freshman

14 (11.5)

8 (12.7)

6 (10.2)

Sophomore

38 (31.1)

20 (31.7)

18 (30.5)

Junior

38 (31.1)

19 (30.2)

19 (32.2)

Senior

20 (16.4)

9 (14.3)

11 (18.6)

Fifth year or graduate student

12 (9.8)

7 (11.1)

5 (8.5)

Living arrangement during school, n (%)

.18

At home, with parent, or guardian

23 (18.9)

9 (14.3)

14 (23.7)

On or off campus housing

99 (81.1)

54 (85.7)

45 (76.3)

Region of college or university, n (%)

0.28

Northeast

34 (27.9)

17 (27)

17 (28.8)

Midwest

29 (23.8)

14 (22.2)

15 (25.4)

South

46 (37.7)

27 (42.9)

19 (32.2)

West

9 (7.4)

2 (3.2)

7 (11.9)

Outside the United States

4 (3.3)

3 (4.8)

1 (1.7)

Age at diagnosis (years), mean (SD)

10.56 (5.14)

9.89 (5.28)

11.27 (4.93)

.08

Disease duration (years), mean (SD)

9.90 (5.32)

10.46 (5.48)

9.31 (5.12)

.18

Clinical characteristics
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Characteristics
Last HbA1cb value, mean (SD)

Wisk et al
Total

Peer

Provider

P value

7.65 (1.20)

7.47 (1.10)

7.84 (1.27)

.06

Insulin pump use, n (%)

.69

Not using

21 (17.2)

10 (15.9)

11 (18.6)

Currently using

101 (82.8)

53 (84.1)

48 (81.4)

Continuous glucose monitor use, n (%)

.08

Not using

48 (39.3)

20 (31.7)

28 (47.5)

Currently using

74 (60.7)

43 (68.3)

31 (52.5)

Average blood glucose tests (times per day), n (%)

.22

0-2

25 (20.5)

16 (25.4)

9 (15.3)

3-4

45 (36.9)

25 (39.7)

20 (33.9)

5-6

32 (26.2)

12 (19)

20 (33.9)

≥7

20 (16.4)

10 (15.9)

10 (16.9)

Average HbA1c tests per year, n (%)

.06

0-1

12 (9.8)

5 (7.9)

7 (11.9)

2

31 (25.4)

19 (30.2)

12 (20.3)

3

36 (29.5)

23 (36.5)

13 (22)

≥4

43 (35.2)

16 (25.4)

27 (45.8)

Self-rated health, n (%)

.77

Fair or poor

13 (10.7)

5 (7.9)

8 (13.6)

Good

56 (45.9)

29 (46)

27 (45.8)

Very good

46 (37.7)

25 (39.7)

21 (35.6)

Excellent

7 (5.7)

4 (6.3)

3 (5.1)

Past-year alcohol use, n (%)

a

.94

None

21 (17.2)

11 (17.5)

10 (16.9)

Any

101 (82.8)

52 (82.5)

49 (83.1)

N/A: not applicable.

b

HbA1c: glycated hemoglobin.
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Table 2. Unadjusted outcomes at baseline and follow-up by narrator (N=122)a.
Characteristics

Total

Peer

Provider

P value

Baseline (any)

43 (35.2)

21 (33.3)

22 (37.3)

.65

Follow-up (any)

26 (21.3)

14 (22.2)

12 (20.3)

.80

Difference at follow-up versus baseline

–13.9

–11.1

–16.9

.48

Baseline, mean (SD)

8.11 (1.58)

8.35 (1.30)

7.86 (1.81)

.20

Postintervention, mean (SD)

8.84 (1.28)

8.97 (1.15)

8.69 (1.41)

.27

Follow-up, mean (SD)

8.78 (1.29)

8.95 (0.92)

8.59 (1.58)

.32

Difference at postintervention versus baseline

+0.72

+0.62

+0.83

.75

Difference at follow-up versus baseline

+0.66

+0.60

+0.73

.97

Baseline, mean (SD)

7.66 (1.38)

7.71 (1.27)

7.61 (1.50)

.81

Postintervention, mean (SD)

7.87 (1.25)

7.84 (1.21)

7.91 (1.29)

.63

Follow-up, mean (SD)

7.72 (1.24)

7.68 (1.24)

7.76 (1.24)

.77

Difference at postintervention versus baseline

+0.22

+0.13

+0.31

.20

Difference at follow-up versus baseline

+0.06

–0.03

+0.15

.44

Baseline, mean (SD)

3.10 (1.62)

2.92 (1.67)

3.29 (1.55)

.23

Postintervention, mean (SD)

3.33 (1.67)

3.09 (1.76)

3.58 (1.55)

.15

Follow-up, mean (SD)

3.13 (1.70)

2.80 (1.72)

3.48 (1.62)

.02

Difference at postintervention versus baseline

+0.23

+0.17

+0.29

.84

Difference at follow-up versus baseline

+0.03

–0.12

+0.19

.14

Postintervention, mean (SD)

5.13 (1.39)

4.94 (1.43)

5.33 (1.33)

.10

Follow-up, mean (SD)

4.80 (1.18)

4.76 (1.25)

4.84 (1.10)

.67

Difference at follow-up versus postintervention

–0.33

–0.18

–0.49

.08

Postintervention, mean (SD)

7.28 (1.48)

6.95 (1.67)

7.64 (1.14)

.03

Follow-up, mean (SD)

7.07 (1.53)

6.94 (1.68)

7.22 (1.35)

.38

Difference at follow-up versus postintervention

–0.21

–0.01

–0.42

.07

Talked with anyone about alcohol and type 1 diabetes

68 (55.7)

39 (61.9)

29 (49.2)

.16

Always tested before, during, or after drinking

54 (44.3)

23 (36.5)

31 (52.5)

.07

Past 2-week binge use (self-reported), n (%)

Knowledge summaryb

Attitude summaryc

Concern summaryd

Intention summarye

Impression summaryf

In past 2 weeks...(at follow-up), n (%)

a

P values compare the peer versus provider arms.

b

The knowledge summary indicates the number of correct items out of a total of 10 items.

c

The attitude summary reflects the mean (SD) score across six items for drinkers and four items for nondrinkers; the response options ranged from
“strongly disagree” (score=1) to “strongly agree” (score=10).
d

The concern summary reflects the mean (SD) score across seven items; the response options ranged from “not concerned” (score=0) to “very concerned”
(score=6).
e

The intention summary reflects the mean (SD) score across 10 items for drinkers and eight items for nondrinkers; the response options ranged from
“definitely will not” (score=1) to “definitely will” (score=8).
f

The impression summary reflects the mean (SD) score across 12 items; the response options ranged from “strongly disagree” (score=1) to “strongly
agree” (score=10).
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Table 3. Adjusted regression analysis resultsa.
Characteristics

Main effects models

Interaction models

Estimate (95% CI)

P value

Estimate (95% CI)

P value

Peer versus provider

0.72 (0.33 to 1.60)

.42

0.69 (0.29 to 1.67)

.41

Follow-up versus baseline

0.48 (0.31 to 0.75)

<.001

0.45 (0.25 to 0.83)

.01

—

—

1.14 (0.46 to 2.79)

.78

Peer versus provider

0.25 (–0.21 to 0.72)

.28

0.37 (–0.22 to 0.96)

.22

Postintervention versus baseline

0.72 (0.50 to 0.95)

<.001

0.83 (0.46 to 1.20)

<.001

Follow-up versus baseline

0.66 (0.42 to 0.91)

<.001

0.73 (0.32 to 1.14)

<.001

Peer×postintervention

—

—

–0.21 (–0.67 to 0.24)

.36

Peer×follow-up

—

—

–0.13 (–0.61 to 0.36)

.61

Peer versus provider

–0.08 (–0.48 to 0.33)

.71

0.13 (–0.37 to 0.63)

.62

Postintervention versus baseline

0.22 (0.06 to 0.37)

.007

0.31 (0.06 to 0.56)

.02

Follow-up versus baseline

0.06 (–0.10 to 0.22)

.47

0.15 (–0.08 to 0.38)

.20

Peer×postintervention

—

—

–0.18 (–0.49 to 0.13)

.26

Peer×follow-up

—

—

–0.18 (–0.50 to 0.13)

.26

Peer versus provider

–0.59 (–1.19 to 0.01)

.05

–0.44 (–1.06 to 0.18)

.16

Postintervention versus baseline

0.23 (0.06 to 0.40)

.009

0.29 (–0.01 to 0.58)

.06

Follow-up versus baseline

0.03 (–0.19 to 0.25)

.81

0.19 (–0.15 to 0.52)

.28

Peer×postintervention

—

—

–0.12 (–0.46 to 0.23)

.51

Peer×follow-up

—

—

–0.31 (–0.75 to 0.13)

.17

Peer versus provider

–0.13 (–0.57 to 0.31)

.56

–0.28 (–0.78 to 0.22)

.27

Follow-up versus postintervention

–0.33 (–0.51 to –0.15)

<.001

–0.49 (–0.78 to –0.20)

.01

Peer×follow-up

—

—

0.30 (–0.06 to 0.67)

.10

Peer versus provider

–0.50 (–1.01 to 0.01)

.05

–0.71 (–1.25 to –0.17)

.01

Follow-up versus postintervention

–0.21 (–0.40 to –0.01)

.04

–0.42 (–0.74 to –0.10)

.01

Peer×follow-up

—

—

0.41 (0.02 to 0.80)

.04

Past 2-week binge

b

Peer×follow-up

c

Knowledged

Attitudese

Concernsf

Intentionsg

Impressionsh

a

All models were adjusted for age at survey, age at diagnosis, sex, race or ethnicity, parent education, last glycated hemoglobin value, and continuous
glucose monitoring device use. Models for binge use additionally adjust for atypical events that affect the likelihood of drinking. The peertime interaction
coefficient represents the difference in the change over time for the peer arm versus the provider arm (only included in Interaction models); this indicates
if the effect of the intervention differed by arm. When not statistically significant at P<.05, results from the Main Effects column are preferred.
b

Self-reported past 2-week binge alcohol use was modeled with a binomial distribution. Odds ratios are shown instead of β coefficients.

c

These are models in which this term was not included.

d

The knowledge summary score indicates the number of correct items out of a total of 10 items, modeled with a normal distribution.

e

The attitude summary score (average of six items for drinkers and four items for nondrinkers, scored from “strongly disagree” [score=1] to “strongly
agree” [score=10]) was modeled with a normal distribution.
f

The concern summary score (average of seven items, scored from “not concerned” [score=0] to “very concerned” [score=6]) was modeled with a
normal distribution.
g

The intention summary score (average of 10 items for drinkers and eight items for nondrinkers, scored from “definitely will not” [score=1] to “definitely
will” [score=8]) was modeled with a normal distribution.
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h

The impression summary score (average of 12 items, scored from “strongly disagree” [score=1] to “strongly agree” [score=10]) was modeled with a
normal distribution.
Figure 2. Adjusted marginal intervention effects (y axis) both overall (A, main effects models) and by treatment arm (B, interaction models) across
time points (x axis). Adjusted marginal means or probability and 95% CIs were output from multivariate mixed effects models as described in the
Methods section. In panel A, the P values indicate the statistical significance for the overall intervention effect across time; for example, the intervention
reduced the prevalence of binge drinking at final follow-up compared with baseline at P<.001. In panel B, the P values indicate the statistical significance
for the difference in the intervention effect across time by arm (interaction); for example, the reduction in the prevalence of binge drinking at final
follow-up compared with baseline was not significantly different by treatment arm at P=.78.

Results
Sample Characteristics
The participants were aged 20.46 (SD 1.44) years; 80.3%
(98/122) were women, 83.6% (102/122) were White and
non-Hispanic, 68.9% (84/122) had a parent with a bachelor’s
degree or higher, 82.8% (101/122) used insulin pumps, 60.7%
(74/122) used CGM devices, their last HbA1c value was 7.65
(SD 1.20), and 82.8% (101/122) self-reported past-year alcohol
https://www.jmir.org/2021/9/e26418
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use (Table 1). The characteristics were largely balanced across
the peer (63/122, 51.6%) and provider (59/122, 48.4%) arms,
except for the fact that the peer arm participants reported higher
parental education (P=.02) than their counterparts.

Knowledge, Attitudes, and Concerns
Despite the participants’ high baseline knowledge (participants
averaged 8.11, SD 1.58 correct items out of 10; Table 2), there
was a significant adjusted improvement in correct knowledge
items of +0.72 after the intervention (95% CI 0.50-0.95; P<.001;
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Table 3; Figure 2) and +0.66 at follow-up (95% CI 0.42-0.91;
P<.001); the improvements after the intervention and at
follow-up were not significantly different by arm (P=.36 and
P=.61, respectively). The improvements were driven by an
increased understanding of the impact of alcohol on the liver,
the distinction between being drunk and low blood glucose, the
interaction between alcohol and glucagon, and alcohol-related
dehydration (Multimedia Appendix 2).
The participants saw adjusted improvements in health-protecting
attitudes of +0.22 after the intervention compared with baseline
(95% CI 0.06-0.37; P=.007; Table 3; Figure 2); overall
improvements after the intervention were similar by arm
(P=.26). Attitudes did not differ between the follow-up and
baseline (+0.06, 95% CI –0.10 to 0.22; P=.47). Postintervention
changes were driven by attitudes related to telling friends that
they cannot drink because of diabetes, and at follow-up, fewer
college students agreed that college students with diabetes could
drink if they are careful (Multimedia Appendix 2).
The participants reported adjusted increases in concerns about
alcohol of +0.23 after the intervention versus baseline (95% CI
0.06-0.40; P=.009; Table 3; Figure 2); improvements after the
intervention were similar by arm (P=.51). Concerns were not
different at follow-up versus baseline (+0.03, 95% CI –0.19 to
0.25; P=.81). Postintervention changes were driven by increased
concern for the effectiveness of glucagon while drinking,
whereas increased concerns about the impact of alcohol on
HbA1c tests were greater for those in the provider arm than for
those in the peer arm (Multimedia Appendix 2).

Intentions and Impressions
Adjusted overall intentions to engage in lower-risk behaviors
decreased from after the intervention to final follow-up (–0.33,
95% CI –0.51 to –0.15; P<.001; Table 3). Positive impressions
of the intervention decreased for those in the provider arm
(–0.42, 95% CI –0.74 to –0.10; P=.01), whereas those in the
peer arm had lower impressions than those in the provider arm
(–0.71, 95% CI –1.25 to –0.17; P=.01), but their impressions
were stable over time (interaction +0.41, 95% CI 0.02-0.80;
P=.04). The adjusted ratings of narrator knowledge and trust
were significantly higher for the provider arm than for the peer
arm (Multimedia Appendix 2). After the intervention, the
provider arm participants also rated their trust in the information
presented and willingness to share this video more highly than
the peer arm participants. The provider arm was significantly
more likely to decrease their rating of whether they learned
something new from after the intervention to follow-up than
the peer arm. Intentions to tell their friends about the effect of
alcohol on diabetes and to ask their provider about diabetes and
alcohol use were stable for the peer arm but more likely to
decrease at follow-up for the provider arm.

Alcohol Use Outcomes
Overall, the intervention was associated with a 52% adjusted
relative reduction in self-reported binge drinking (odds ratio
[OR] 0.48, 95% CI 0.31-0.75; P=.001; Table 3; Figure 2) from
baseline to follow-up, with no significant difference across
narrators (P=.78). The change in concerns from baseline to after
the intervention was significantly associated with a reduction
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in binge drinking at follow-up (OR 0.71, 95% CI 0.58-0.88;
data not shown), whereas the changes in knowledge and attitudes
were not (knowledge OR 0.93, 95% CI 0.75-1.15; attitudes OR
0.90, 95% CI 0.70-1.15).

Qualitative Outcomes
Overall, the qualitative responses suggested that the participants
seemed to derive value from the intervention, with four primary
themes emerging (Multimedia Appendix 1). First, the youth
want disease-specific information about alcohol and have
various sources of knowledge acquisition, including through
the intervention. Some participants were disappointed that they
had not previously been exposed to information about the impact
of alcohol on diabetes from other sources (such as their care
providers), whereas others expressed appreciation for receiving
this new information during the study. However, the information
was not novel to all participants, and some described prior
acquisition of knowledge through sources such as the internet
or peers, as well as their health care teams. Second, the youth
noted the influence of personal safety on alcohol use
decision-making and the desire for harm reduction messages,
as well as new safety practices motivated by the intervention.
The participants recognized the prevalence of alcohol use among
college students with T1D, expressing a preference for video
content encouraging safe and responsible use rather than
complete abstinence. Some participants commented upon current
safety practices such as drinking with friends and checking their
blood sugar while consuming alcohol, whereas others discussed
new behaviors inspired by the video, such as recognition of
their need to monitor and adjust for their own alcohol intake
limits. The third theme encompasses the appeal of intervention
content that is not only developmentally appropriate and
affirming of personal experiences but also contains an
authoritative voice and is professionally produced. Many
participants remarked upon their ability to relate to the video
because of the relevance of the information and trustworthiness
of the speakers, whereas others yearned for more personal
stories, easily digestible content, and improved production
quality. Finally, the youth addressed factors complicating
diabetes and alcohol use management at college, including the
need for and role of adequate systems of support. The
participants elucidated ongoing challenges faced by youth with
T1D, such as social isolation from peers without T1D,
inadequate access to specialists on campus, and difficulty
balancing their health with other competing priorities during
the college years.

Discussion
Principal Findings
This pilot trial demonstrates that a novel, web-based
psychoeducational intervention reduces self-reported binge
drinking 2 weeks after the intervention among college students
with T1D, irrespective of the narrator. Both narrators improved
knowledge of the effects of alcohol and temporarily affected
attitudes toward and concerns about drinking, although the
provider narrator was more highly rated regarding subject
knowledge and trustworthiness. Given measurable reductions
in binge drinking at follow-up, this brief video intervention
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demonstrates promise for mitigating risky alcohol consumption
among college students with T1D, and the web-based format
is suitable for delivery across numerous settings.
The substantial reduction in binge alcohol use observed for the
participants in both arms suggests that both peer and provider
narrators can motivate behavioral change. However, the
mechanisms by which the narrator affects change may be
different. The provider narrator appeared to quantitatively win
out over the peer narrator with respect to perceived knowledge
and trustworthiness, suggesting that delivery of factual content
may be enhanced by the aura of clinical authority or that some
youths strongly trust and respond to perceived medical experts.
Prior qualitative work reported that youths living with chronic
conditions conveyed an emphatic preference for the inclusion
of information about alcohol use in subspecialty care and
reported thinking that their specialty care team know them and
their disease best [22]; current qualitative findings echo this
and indicate high respect for providers’ authority on this topic.
The peer narrator appeared to better motivate the intention of
the participants to speak with others about the effects of alcohol
on their diabetes, suggesting that emotional processing and
sharing of experiences may be important for motivating
behavioral change and reinforcing knowledge gains. The
qualitative findings also supported the participants’ desire for
narrator and content relatability, as the participants responded
positively to hearing their own experiences reflected by their
peers. Subtle differences in secondary outcomes by narrator
underscore the need for purposeful, well-designed future work
to tease out the components that produce cognitive, affective,
and behavioral changes, including over a longer time horizon,
using insights from pilot work to design and refine a robust
intervention suitable for testing in a traditional, controlled trial,
consistent with best practice recommendations for behavioral
trials [42].
Future work should evaluate delivery on a longer timescale and
determine if greater personalization might solidify and sustain
the effects to extend the promising results from this pilot. As
changes in concerns about alcohol and diabetes (an intermediate
outcome predicting a reduction in binge use) were not sustained
at the final follow-up, the single-dose intervention appeared to
alert the participants to possible dangers, generating a near-term
response of increased concern. The lack of sustained change
may reflect recalibration of concern, given time to absorb new
information (knowledge and experience), growth in perceived
self-efficacy for navigating drinking, or retrenchment from the
initial state of alarm. A model that delivers multiple doses
(boosters) may help to reinforce and sustain the response; hence,
future studies should investigate changes over longer periods
for a single and possibly multiple-dose intervention. Both
narrators in this trial were unknown to the participants;
intervention delivery from someone with whom participants
have an established relationship, such as a trusted provider [43]
or close friend, may also boost intervention effects; however,
these designs would limit the scalability of a broadly diffusible
digital intervention. Alternatively, the effectiveness of a
one-time interaction may be enhanced by providing youths with
the opportunity to subsequently discuss the intervention’s
educational content with a trusted provider or peer.
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Although in-person anticipatory conversations between
adolescents or young adults and their diabetes care teams about
the effects of alcohol on their health and strategies for avoiding
risk may be the gold standard for delivering a preventive
intervention, this model may not be practical. Providers are
increasingly tasked with covering a myriad of topics during
short clinical encounters [44], and health guidance is
increasingly delivered through web-based channels. Therefore,
understanding the acceptability and effects of electronic
interventions is vital [45]. Prior work has demonstrated that
web-based information and diabetes support can augment
clinical care [46] and improve quality of life [47]. This study
demonstrates that digitally delivered interventions can
effectively engage college students with T1D and provide them
with vital health information, a promising model for larger-scale
dissemination [25,48]. Future research and implementation
studies are needed to evaluate the long-term effectiveness of
digital tools and build evidence around best practices for content
and delivery [49,50].
Finally, many of the participants noted that they would have
liked to receive this intervention earlier (ie, before they began
drinking or matriculated to college). As the intervention
materials were not specific only to college, the current
intervention might be generalizable for use with younger
individuals or young adults not attending college, and such
extensions could be tested. However, as this intervention was
designed to focus on harm reduction, further investigation,
including with respect to timing of or age at delivery, is needed
to determine if these materials are suitable for the goal of
preventing drinking initiation.

Limitations
This study includes several limitations. First, as with all
internet-based recruitment, the underlying population
(denominator) [51] is unclear, making it difficult to characterize
sample representativeness and imposing constraints on
generalizability. Although a prior methodological evaluation
identified that this approach yields a sample that is representative
of the sampling frame [35], this sample likely does not represent
all college students with T1D (eg, this cohort included
predominantly women, and most of the participants were
privately insured, had higher pump and CGM use, and also had
better self-reported glycemic control than other similarly aged
cohorts [52]). This sample may be socioeconomically
advantaged, with well-managed diabetes; hence, the findings
may be indicative of a best case scenario. Second, this study
was designed as a pilot trial to gauge the acceptability and
relative impacts of the narrator and lacked a nonintervention
control group. The observed effects could stem from test-retest
bias, carryover effects, or regression to the mean; future
controlled evaluations might mitigate these concerns. Third, all
outcomes (and diabetes status) were self-reported, and only the
alcohol use questions relied on validated items. To our
knowledge, there are no pre-existing validated tools to assess
knowledge, attitudes, and concerns regarding the intersection
of alcohol use and diabetes. The survey items were extensively
pretested and have been used in other surveys [6,37,38];
however, they may be subject to measurement errors and other
biases stemming from self-reporting. Despite the use of validated
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items for alcohol use, self-reported behaviors are subject to
social desirability bias, which may result in misclassification.
Finally, although the intervention videos were made to be
maximally comparable (eg, same-gendered, same-race, and
similarly styled narrators), other differences may have existed
that differentially affected the response to the intervention,
including among certain participant subgroups (eg, men respond
differently to female narrators). Relying on an actor or more
professional video editing, qualitatively noted by some
participants, may diminish the potential differences.

Wisk et al

Conclusions
We demonstrate the acceptability and impacts of a
psychoeducational intervention for mitigating binge alcohol use
among college students with T1D. We further determine that
peer and provider narrators have similar short-term impacts as
framing devices for this educational content. As this pilot
demonstrates the feasibility of delivering this intervention to a
hard-to-reach group through web-based channels, similar
outreach methods could be used to deliver this content more
broadly. In light of these promising findings, future work should
further test these materials against the control of care as usual
and should determine what further modifications are needed to
enhance intervention effects.
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Abstract
Background: Despite the popularity of maternal and infant health mobile apps, ongoing consumer engagement and sustained
app use remain barriers. Few studies have examined user experiences or perceived benefits of maternal and infant health app use
from consumer perspectives.
Objective: This study aims to assess users’ self-reported experiences with maternal and infant health apps, perceived benefits,
and general feedback by analyzing publicly available user reviews on two popular app stores—Apple App Store and Google Play
Store.
Methods: We conducted a qualitative assessment of publicly available user reviews (N=2422) sampled from 75 maternal and
infant health apps designed to provide health education or decision-making support to pregnant women or parents and caregivers
of infants. The reviews were coded and analyzed using a general inductive qualitative content analysis approach.
Results: The three major themes included the following: app functionality, where users discussed app features and functions;
technical aspects, where users talked about technology-based aspects of an app; and app content, where users specifically focused
on the app content and the information it provides. The six minor themes included the following: patterns of use, where users
highlighted the frequency and type of use; social support, where users talked about receiving social support from friends, family
and community of other users; app cost, where users talked about the cost of an app within the context of being cost-effective or
a potential waste of money; app comparisons, where users compared one app with others available in app stores; assistance in
health care, where users specifically highlighted the role of an app in offering clinical assistance; and customer care support,
where users specifically talked about their interaction with the app customer care support team.
Conclusions: Users generally tend to value apps that are of low cost and preferably free, with high-quality content, superior
features, enhanced technical aspects, and user-friendly interfaces. Users also find app developer responsiveness to be integral, as
it offers them an opportunity to engage in the app development and delivery process. These findings may be beneficial for app
developers in designing better apps, as no best practice guidelines currently exist for the app environment.
(J Med Internet Res 2021;23(9):e27403) doi:10.2196/27403
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Introduction
Background
Globally, there is a growing demand for, and use of, mobile
smartphone apps to disseminate maternal and infant health
information and self-management tools effectively to pregnant
and postpartum women [1-5]. This increase in acceptance of
digital technologies is attributed to the fact that women find it
extremely convenient to seek answers to their questions, with
easy access to health-related information throughout the day
[6]. Furthermore, these technologies may provide important
social support, especially when pregnant women feel isolated,
time constrained, or need reassurance [6], and apps have shown
the potential to produce positive health behavior changes [7].
Maternal and infant health apps frequently appear on the Apple
App and Google Play stores’ list of most downloaded apps, and
some have been downloaded over 5 million times [8].
Although popular, consumers often rate maternal and infant
health apps lower (ie, fewer star ratings) than other categories
of apps [9]. Moreover, the percentage of users who discontinue
(ie, uninstall) the use of health-focused apps in general
approaches 50% [10]. This disconnect between popularity,
ratings, and use may be driven by several factors. One reason
could be price—maternal and infant health apps are priced
higher than apps targeting other populations and health
conditions [9]. Alternatively, app efficacy may be a challenge.
Apps with unclear or inaccurate consumer decision support
could lead to poor end user choices and potentially undesirable
outcomes [11]. Most maternal and infant health-focused apps
are developed by non–health care organizations [12].
Furthermore, popular maternal and infant health apps typically
include only a minority of behavior change techniques that are
found to be useful in health promotion [13]. Apps often fail to
provide sources of their information and lack warnings
pertaining to the use of this information [5], or the reasons could
be related to design and usability. Overall, end users have
discontinued apps because of the time-consuming data entry
process, hidden costs, use difficulty, lack of data privacy, and
lack of maintained interest [10]. User commentaries from
women’s health apps indicate that women are in favor of apps
that are easy to use, contain new information, and are
motivational, whereas areas that need improvements are
associated with the quality of graphics, download speed,
compatibility with other devices, ability to transfer data onto
newer versions, and certification or affiliation with credible
organizations [9].

Objectives
Mobile technology can be an effective platform for delivering
resources and interventions, but consumer engagement remains
a barrier for uptake and continued use [14]. Therefore, it is
imperative to consider the consumer’s perspective on these apps
to improve the utility of such resources [14]. The objective of
this study is to assess users’ self-reported experiences with
maternal and infant health apps, perceived benefits, and general
https://www.jmir.org/2021/9/e27403

XSL• FO
RenderX

feedback by analyzing publicly available user reviews on two
popular app stores—Apple App Store and Google Play Store.

Methods
Study Design
We conducted a qualitative assessment of publicly available
user reviews from a sample of maternal and infant health apps
available in the Apple App Store and Google Play Store. We
followed a four-step process to create a data set of user reviews
from a set of maternal and infant health apps that offer health
education or decision-making support to pregnant women or
parents or caregivers of infants. First, we populated a database
with the set of available maternal and infant health apps by
systematically fetching app details from the Apple App Store
[15] and Google Play Store [16] using a Java-based scraper
program called Node.js (OpenJS Foundation) [17]. Through
this automated process, data are retrieved from the web using
http in a central database [18]. Scraping programs automate the
extraction of information displayed to users in the same way
that chart reviewers record details from a medical chart. Second,
we identified an inclusive list of relevant keywords that users
might search for when locating apps related to maternal and
infant health. Third, we scraped the two app stores for candidate
apps and merged and deduplicated the resultant apps first within
stores and then across stores. We then applied inclusion and
exclusion criteria to identify apps that were eligible for the
study. Inclusion criteria were as follows: (1) app description
written in English; (2) target users judged as to-be pregnant
women, to-be parents, and other caregivers of infant children
as primary users; (3) listed in the medical, health and fitness,
books and references, and education categories in the Apple
App Store or listed in the medical, health and fitness, books and
references, education, and parenting categories in the Google
Play Store; and (4) described as intending to provide health
education and user decision-making support. Exclusion criteria
were as follows: (1) app description written in any language
other than English; (2) inadequate or no app description
provided; (3) target users judged as health professionals,
providers, and students in health professions as primary users;
(4) listed in all other categories; (5) described solely for purposes
such as gestational age or due date calculators, identifying baby
names, and shopping for baby products; and (6) apps meant to
be used by members and patients associated with special
programs (eg, fitness centers, clubs, or other paid memberships)
or health care facilities (eg, a clinic or hospital). Fourth, we
sampled a set of user reviews from the candidate maternal and
infant health apps. The data reflected the app store content as
of February 2018. Steps 1 to 3 are described in detail elsewhere
[12]. The Indiana University Institutional Review Board
approved this study as nonhuman subjects’ research.

Search Strategy
The three steps listed earlier resulted in a total of 742 eligible
maternal and infant health apps (Figure 1). Of these, 20.8%
(154/742) were no longer available in the app stores at the time
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of data collection (and therefore excluded). Apps with fewer
than 10 (371/742, 50%) reviews were also excluded to obtain
a robust set of reviews for analyses. From the 217 resulting
apps, a simple random sample of 75 (34.6%; 44 Apple App
Store and 31 Google Play Store) apps were selected. The sample
size was sufficient to achieve data saturation. Each app name
was entered into an individual scraper search. Each scrape
resulted in maximum allowed user reviews of 50 from the Apple
App Store and 40 user reviews from the Google Play Store

Biviji et al
(ordered by the most recent review). The upper limit per app
was set at 40 user reviews for a total sample of 2422 user
reviews (Figure 1) to maintain consistency across platforms. In
addition to the text of the user reviews, the scraper program
returned the star rating, price, and review date (see Multimedia
Appendix 1 for a list of apps included in this study). Finally,
using a general inductive content analysis approach, we
qualitatively analyzed user reviews, where the underlying
themes were identified from the data.

Figure 1. Schematic representation of the user review selection process for qualitative analysis.

Data Analysis
Descriptive Summary
Descriptive statistics were used to summarize the app
characteristics such as app price, user star ratings, app platform,
and review characteristics such as publication date and length
of reviews.

independently coded the remaining sample and met regularly
to resolve any coding discrepancies and discuss the themes that
were detected in the data. All data management and analyses
were conducted in Dedoose 8.0.39 (SocioCultural Research
Consultant, LLC) [22].

Results

Qualitative Analysis

Description of Apps and Reviews

User reviews were analyzed using a general inductive content
analysis approach [19,20]. In this approach, themes were derived
from data, as opposed to using preconceived categories [21].
First, 2 coders (RB and KSW) undertook a joint reading of a
random sample of 30 user reviews to establish consistency in
the textual unit of analysis, identification of categories, and
formation of themes [20]. Next, the same 2 coders independently
read and identified the preliminary codes from a new sample
of 200 user reviews. Through joint reading sessions, these
preliminary codes were refined, collapsed, assigned descriptive
labels, and arranged into a coding framework to be applied to
the sample. To assess coding consistency, both the coders
independently analyzed a new sample of 100 user reviews.
Agreement between the coders was high (κ=0.89). The 2 coders

Of the apps that were included, 75% (56/75) were free. Of the
paid apps, the prices ranged from US $0.99 to US $8.99, with
an average price of US $3.14 and a median of US $2.99. These
prices reflected one-time payments to download the app, not
monthly or annual subscription fees. More than half (44/75,
59%) of the apps were from the Apple App Store, and the
remaining were from the Google Play Store. The average star
rating for all apps was 4.1, with a range of 2.5-5.0. The oldest
review in the data was written on July 5, 2009, whereas the
latest review was published on February 13, 2018. The longest
user review was 403 words long, and the shortest was only 1
word. Three major and six minor themes (present in less than
10% of the reviews) were identified in the data (Figure 2). The
definitions of the themes, along with the frequency of
occurrence, are presented in Table 1.
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Figure 2. Summary of themes identified from qualitative content analysis.

Table 1. Prevalence of major and minor themes identified in the data (N=2422).
Themesa

Definition

Reviews, n (%)

Major
App functionality

The user specifically talks about app functions and features and what it does either positively or 2119 (87.49)
negatively.

Technical aspects

The user specifically talks about aspects pertaining to how an app operates either positively or
negatively, that is, privacy, security of data, or other technology-based aspects.

510 (21.05)

App content

The user specifically talks about the app content and information it provides.

349 (14.41)

Minor

a

Patterns of use

The user highlights the frequency and type of use—whether the app is used for the first pregnancy 219 (9.04)
or the app is being used for a long time.

Social support

The user specifically talks about receiving support from friends and family or offering support
to other women while using the app.

207 (8.54)

App cost

The user specifically talks about the cost of an app, ie, cost-effective, or a waste of money.

201 (8.3)

App comparisons

The user compares the app with other apps in the market.

104 (4.29)

Assists in health care

The user specifically highlights the role of the app in offering clinical assistance.

77 (3.18)

Customer care support

The user specifically talks about their interaction with the app customer care support either pos- 44 (1.82)
itively or negatively.

These themes were not exclusive.

Major Themes

experience, (2) negative functionality experience, and (3)
suggested functional improvements.

App Functionality

Positive Functionality Experience

Around 87.49% (2119/2422) of user reviews focused on
commenting on the functionality of apps, such as app features,
indicating that users frequently discuss the functionality of an
app while using them. The discussion about app functionality
featured three main subthemes: (1) positive functionality

A majority of the reviews focusing on app functionality
indicated an overall positive experience with the functionality
of the app. Many of the positive reviews were geared toward
an app’s overall design and app features describing these apps
as useful, helpful, and easy to use. Users mainly elaborated on
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app features that assisted in data recording and tracking of data
pertaining to infant needs such as feeds, milk pumps, diaper
changes, and sleep, akin to a one-stop shop. Some of the other
tracking features focused on recording the height and weight
of the infant, monitoring the trends over time, and keeping a
log of immunization and other health histories:
Best tracking all app ever! ibabylog is the best app I
have! It helps me track everything from nap times, to
meal times, to dirty diapers. Its best feature is that it
helps you keep intact with breast feedings. You can
track everything in between like medication, doctor
visits, growth, anything you can think of. I love this
app and I recommend it big time!
Users have also expressed a general preference toward the
feature of data sharing and synchronizing of data between two
or more devices:
Awesome App! My wife has been using MammBaby
on her iPhone and now I am using it on my Android
phone. It is definitely the easiest one to use and
sharing feature is awesome!
Some of the other features that have received favorable attention
include baby heartbeat self-reported monitors, contraction
timers, week-by-week fetal development stages, and diet or
exercise tips and recommendations:
With countless pregnancy and newborn resources on
the market, it can be hard for parents to know where
to turn for information. This app is created by experts,
for parents. As a mother, I appreciate the
easy-to-understand and reassuring information found
in the app. Like most pregnancy apps, the
week-by-week updates are perfect. And the
contraction timer came in handy on the big day!
Thank you, Lamaze, for cutting the fuss and giving
parents what we really need: power to make the best
decisions for our family!

Negative Functionality Experience
A frequent complaint pertained to app features that did not meet
user expectations. Reviewers expressed concerns over apps that
presented inaccurate calculations to users, that is, wrong due
dates or height, weight, or percentile calculations:
Inaccurate Percentile Calculation, I don’t know how
they’re trying to calculate the percentiles by age, but
it’s clearly not working. None of the percentiles in
the app have matched up with either the hospital’s
or the pediatrician’s data for my son--by a long shot!
Even without the doctor’s records telling me he’s
somewhere near the 75th percentile, it’s obvious that
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an 8 lbs. boy is NOT in the 30th percentile for weight
for his age at 13 days old, as the app reports.
Users also highlighted issues pertaining to loss of data or
inability to synchronize data:
Have to leave app running or else you lose your
contractions data. Isn’t that kinda the point in having
a contraction app? I will be deleting this one and
finding something that actually will track my
contractions.
Similarly, there were complaints about apps with no updates or
poor updates:
Terrible update! Before this last update on 7/30, the
app was fantastic! But now I HATE IT! It’s too cutesy
and it’s hard to tell anything anymore! The photo
section is far too large now when that is not the
information that I need. The daily schedule section
is MUCH more confusing, and I can’t see any
patterns. I will be deleting and finding a new app
now! It is so confusing now. They went with trying to
make it look cute instead of functional. Horrible
app!!!!
Finally, users reported that they discontinued the use of an app
with inadequate features, with limited ability to track data,
modify an inaccurate entry, or lacking flexibility in using
conversion metrics, that is, mg to oz or kg to lbs:
I deleted it after one time, this app is terrible. It just
tells you how much weight you should gain. It doesn’t
track your weight or monitor your progress. It doesn’t
even save any information. You can find this same
information on several sites or easily figure it out on
your own. And either way, if you want to keep track,
you would have to do it yourself anyway. I deleted
the app after the first time I tried it and realized it
was useless.

Suggested Functional Improvements
Along with critiquing an app’s functionality and features, users
often provided additional recommendations pertaining to
features that could be added to improve their overall experience
with the app. Reviewers often had a bucket list of requests to
customize an app and tailor it to their specific needs and
requirements. Textbox 1 provides a summary of suggestions
for functional improvements. Some of the more common
recommendations focused on data visualization or trends data
(for height, weight, feedings, or immunizations), ability to export
or print data, additional tracking facilities, or capabilities to
synchronize data between two or more devices.
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Textbox 1. Suggested functional improvements for maternal and infant health apps.
Requested Features and Direct Quotes
•

Export data
•

•

Data visualization and trends data
•

•

“A Great App!! I use this app all the time! I pretty much rely on it! The only thing I’ve noticed that I’d like them to add is an alarm feature
for medicines.”

Data synchronization between devices and data integration across apps
•

•

“Wish it had a medicine tracker and reminder, Wish the app helped with keeping track of when a dose of the medication was given and help
with reminders for the next dose.”

Alerts, alarms, and reminders
•

•

“The only thing that would make it better in my opinion would be to have a graph of each activity to show any types of trends. Knowing
that my baby has slept 14% more in this 7-day period vs the last 7 days is maybe interesting, but not helpful when I’m trying to see any
patterns of when he’s sleeping and for how long. Having a graph that shows when he sleeps each day for a week would be so helpful for
getting into more of a natural routine with the baby.”

Additional data tracking: symptoms, weight, illness, pumping, feeding, and medications
•

•

“Helpful, but...I would love to be able to export or print data. Otherwise helps me keep track of my preemie between Dr visits.”

“I wish they could allow for other apps to feed info into it. For example, I use a digital thermometer that connects to my phone. If it could
sync with this app it would be perfect!”

Edit or delete incorrect data entries
•

“I wish I could edit time entries in case I look to see which side but forgot to click a new entry. But overall, great and easy to use.”

Technical Aspects
The second most common theme (510/2422, 21.05%) that users
discussed in their reviews were associated with the technical
aspects of an app, such as how an app operates. Users preferred
apps with a user-friendly app interface, free from advertisements
or forced ratings, and those that did not occupy a large space in
the phone memory.
However, most of the comments were geared toward technology
failures, such as apps that crashed or froze on users, thereby
rendering them useless for further use:
Unfortunately, it crashes frequently (usually in the
middle of the night when I’m trying to time nursing
sessions) and multiples times in a row at that (I think
my record is 7). Incredibly irritating when you’re
sleep deprived, it’s 2 am, and all you want to do is
get back to sleep not continuously open an app all,
so it can hang for 30 seconds then crash.
Users have also criticized certain apps that were extremely slow
to load the information or content or stream videos:
Generally good, a little slow, switched to this app
once the written log from our lactation consultant
ran out of space. It’s been very helpful for tracking
feedings and diapers. I find, however, that it runs
really slowly sometimes in terms of entering
information and the nursing/pumping timer.
Other reasons cited as causes for discontinuing app use were
inability to register oneself, not available offline, and other
glitches associated with synchronizing data or loss of data:
https://www.jmir.org/2021/9/e27403
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It no longer lets me register or log in, and every time
I open it I get the message that its opening for the
first time, with a long wait. I probably won’t use it
when I’m in labor because of this.
A few users also recommended certain technical improvements
that would help enhance their overall experience with the app.
These recommendations pertained to app availability on multiple
devices and app platforms, or making an app esthetically
pleasing (improved user interface, fonts, or image quality):
LOVE, I absolutely love this app, I just wish they
would make it Apple Watch compatible as well!

App Content and Information
Reviews related to app content or information typically referred
to the wealth of information these apps had to offer. Users
appreciated apps providing detailed information, daily or weekly
tips and reminders, latest and updated content, and
evidence-based articles:
An evidence-based app you can trust, the information
provided by Lamaze comes from evidence-based
research, so you know you’re not getting the “fluff”
that you read in other pregnancy or parenting apps.
New parents expressed their satisfaction with apps that met their
increased information needs. A few users also suggested that
certain apps were better organized and offered greater support
as opposed to seeking information on the internet. Other users
indicated greater satisfaction with using an app for information
seeking over the traditional use of books (Figure 3):
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Yes! Love love love this app, used it for my first
pregnancy and it put me at such ease being a first
time mom, I love how they have something to say
everyday because you get so anxious being pregnant
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and just want the baby and this app helps you calm
down and understand every stage. I love that you can
put pictures at the bottom and see your progress
before the birth of your child.

Figure 3. User reviews centered around app content and information.

However, not all users found the content of these apps to be
beneficial. Some users articulated a general dislike toward apps
that had very brief content, contained basic information that
could be found on the internet, or comprised a number of typos
or grammatical errors, making it incomprehensible. This was
especially true for paid apps, where users had higher
expectations in terms of content quality:
Underwhelming application., I cannot speak to the
integrity of the information this application gives you,
A friend of mine told me to purchase it as I was
expecting. For the price I expected much more. The
Videos section simply opens their YouTube page in
a web browser. And the very limited information the
application gives you could fit on one sheet of paper.
I was expecting for suggestions on how to deal with
or enrich my child’s experience during her leaps, but
instead I only found a very brief description of what
was happening developmentally. Certain aspects of
the application just don’t work at all, you can tell this
application was outsourced to international
developers for whom English is a second language.
I would perhaps give this application three stars if it
were free, but considering I paid for it I was expecting
more. I’m sure all the information in this app can be
found online with little effort. Save your money on
this one.
A few users were also disapproving of apps that contained
unrelated information or were very narrow in scope; for
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example, they covered a selective range of topics that were not
applicable to many:
I didn’t put five stars because I disapprove the zodiac
stuff, I don’t find it useful, fun, or educational (on the
contrary).
Furthermore, there were reviews that offered suggestions to
improve the app content. Most of the recommendations were
geared toward offering content in a different language and
adding additional content:
I’ve got a son with one of the rarest of rare genetic
diseases that I thought would be awesome for this
app it’s called Spinal Muscular Atrophy Respiratory
Distress also known as (Smard 1).
Some recommendations were also for simplifying the
information to account for the lay audiences:
Hard to understand, the information is correct.
However, it would be extremely helpful to nursing
mommies if they understood what the medical mumbo
jumbo meant!

Minor Themes
Patterns of Use
Over 9.04% (219/2422) of the reviewers described their patterns
of app use by identifying the length, duration, and frequency
of use. Some of them were long-term users, using these apps
for multiple pregnancies. Users have also highlighted their
frequency of use, with some users using these apps almost daily.
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In addition, most app users tend to be first-time parents who
use maternal and infant health apps for information seeking,
tracking their pregnancy or infant needs, or connecting with
other parents for moral support:
Great app! I don’t normally write reviews for apps
but this app is amazing. I am a new mom and I use it
throughout the day, every day. I use it to keep track
of feeding and sleeping trends.

Social Support
Over 8.54% (207/2422) of all reviews referred to apps that acted
as a safe haven for users, as these apps connected pregnant
women and mothers to a larger community of app users, thereby
offering social support that is typically needed by many during
this period. First-time mothers especially found these
communities encouraging and useful to lessen their anxieties
over issues where they had minimal experience:
Awesome video blogs, never seen video blogs from
other moms before and it helped me feel like I wasn’t
the only one. Same goes for the forum. Really good
to connect to other moms.
However, a few reviewers were not satisfied with their
interactions within such communities. A handful of women
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faced some level of cyberbullying by others in these
communities, especially those who had differing perspectives
or values pertaining to childcare. Such negative experiences
were geared toward the strong opinions, biases, and immaturity
of other users.
Users also expressed an overall appreciation for apps that had
the capability to synchronize their data with other caregivers,
especially their spouses, family members, or significant others.
These features helped parents stay abreast with their infants’
activities at all times:
Great app, I didn’t know a lot about pregnancy and
it has helped a lot with the different stages. It has
even given my wife some comfort because I know
things when she asks me questions.

App Cost
Generally speaking, app users preferred apps that were free or
had a very low cost associated with it (Figure 4). Users were
willing to purchase apps with enhanced capabilities, such as
data synchronization on multiple devices, additional tracking
features, or data visualization functions. Users were also willing
to pay for a pro version to eliminate advertisements and pop-ups
and appreciated apps that were esthetically appealing.

Figure 4. User reviews centered around app cost and ease of use.

However, users were disapproving of apps that were labeled as
free on the app store but offered very limited functionalities and
required an upgrade (pro version) to enjoy additional features.
Users called such apps misleading, unfair, or false advertising.
Similarly, users were very critical of apps that were paid and
did not meet their expectations. Users associated price with
quality, thereby voicing extreme distress if the app faced any
technical issues, provided basic information, or contained
mediocre features:
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Lot of glitches, poor info, no matter what article I
click on- every other page starts with the same
header: “Article good fats from bad ones” and then
an incomplete sentence about using safe household
cleaners...I tried to leave a review ON one of these
pages- because EVERY page asks you for a review,
and it said “sorry we couldn’t complete your review
right now.” I cannot imagine who would pay 6.99 for
this. (Or that they raised the price from 4.99???) I
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downloaded it for exercises but they don’t have videos
to show the exercises so I’m better off just going back
to YouTube.

App Comparisons
Approximately 4.29% (104/2422) of users compared certain
app features, either in a positive or negative context, with other
apps that they used in the past or were currently using. Users
also compared paid apps with apps that were offered for free to
establish whether the app was worth the purchase or not:
Meh, Really...I have a ton of other baby apps that
give more details on my baby’s development and what
I should be eating. This app is lacking a lot of details
I wouldn’t waste my money on going “premium.” I’ll
stick with the bump and nurture. Thanks.

Assists in Health Care
Approximately 3.18% (77/2422) of app users established the
role of maternal and infant health apps in health care
management. Consumers especially found these apps useful for
keeping track of infants who were underweight, short for age,
premature at birth, or with congenital birth defects. They
confirmed the role of these apps in recording accurate data that
could then be reported effectively to their pediatrician:
I have used this for the last six months with no
troubles. It’s quick, intuitive, and easy. I have three
kids and this baby was a newborn ICU baby, and this
made life simpler with multiple caretakers/doctors
who want all the details (and not great communication
between all the people involved in baby’s life.) and
exhaustion from all the demands. What a lifesaver!
A minority of reviews were initiated by the health care
professional, where they specified either using these apps for
information seeking or monitoring patients’ progress. Health
care professionals have also provided recommendations for
certain apps to their patients.

Customer Care Support
Users particularly cared about customer care responsiveness in
addressing their questions, promptness in fixing issues, as well
as fulfilling their requests for additional features. Consumers
expressed distress over situations where they paid for an app
but did not receive adequate developer support:
Doesn’t work at all, I purchased this app and was so
excited after reading the reviews. However, this app
is crap! Took my money but does not work at all,
nothing. Stays on one page and that’s it. I can’t get
in touch with app support either. Don’t waste $$$ or
time. I have tried reinstalling it several times and still
crap.

Discussion
Principal Findings
To our knowledge, this is the first study to evaluate consumer
preferences for mobile apps targeted toward maternal and infant
health using publicly available user review data. The elements
of maternal and infant health apps that users were most
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interested in were related to the functionality of apps, that is,
app features. Users were satisfied with apps that offered
advanced features such as data monitoring and tracking or data
synchronizing abilities across different devices. Similarly, users
were highly critical of apps that did not meet user expectations
in terms of their functionality and were prompted to discontinue
the use of apps with limited functionalities. A large number of
comments were concerned with the loss of data or inability to
edit an incorrect entry. The overall emphasis on app
functionality is consistent with previous literature that highlights
the role of user satisfaction with app functions as one of the
major caveats in consumer app use [14,23]. In addition, users
also offered suggestions or recommendations in terms of app
features that would improve their overall experience with the
app. This is again consistent with previous reports in other
domains [14,24,25], indicating that consumers are not fully
content with the available features and their needs are often
inadequately addressed.
Consumers prefer apps that are easy to use, with an esthetically
pleasing interface, and occupy less memory space. The reasons
cited for discontinuation of app use centered around technical
issues such as crashing or freezing of apps while in use, slow
download speed, and too many pop-ups or forced ratings
[9,26,27]. An app that crashes often is deleted by users before
any engagement with key functions has occurred [23]. Thus,
app developers may give careful consideration to the technical
aspects of these apps before releasing them for use. One of the
major aspects of consideration for app use is the quality of
information or content provided by these apps. When it comes
to content, users typically value tailored information pertaining
to their condition and actionable solutions for its effective
management. Pregnant women and new mothers often seek
information from apps on topics such as establishing
breastfeeding, solving breastfeeding problems, infant health
issues, and topics that are uncomfortable to discuss with health
care providers [28]. Overall, women reported a positive
experience with pregnancy apps, but a few reported issues with
what they perceived as validity, accuracy, and timeliness of the
information that was being presented by certain apps.
App cost was recognized as an important consideration for app
adoption and use. Most users preferred free apps; however,
users were willing to pay for apps if they offered sophisticated
features and comprehensive information and were of superior
quality. These results are consistent with those of previous
studies on maternal and infant health apps [12]. Although some
users discussed a negative experience with app-based
communities, most women expressed their enthusiasm in terms
of the social support they received from fellow mothers
undergoing similar experiences. Women value peer experiences
and knowledge on important topics such as breastfeeding or
infant care and, in turn, offer similar support to others in need.
Women often use these platforms to discuss topics that are
sensitive in nature, such as sexual activity during and after
pregnancy or feelings of hopelessness [29]. The anonymity
offered in such communities provides an opportunity to raise
issues that they otherwise would not discuss with family, friends,
or health care professionals during in-person visits [29]. Aside
from being a part of an ongoing community of app users, women
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have also cherished the ability to engage their partners and other
family members in maternal and infant health care and support.
Information seeking during pregnancy and postpartum was
relatively higher among first-time mothers who use these apps
to track stages of pregnancy on a weekly basis or monitor infant
development. Women also report using these apps for multiple
pregnancies, and some engage with maternal and infant health
apps almost daily.
Increasingly, women are using maternal and infant health apps
to assist them in health literacy, monitoring, self-management,
as well as consumer decision-making. Reviewers elucidated the
role of maternal and infant health apps in improving
patient-provider communication by aiding in data tracking,
which helps improve recall and increase preparedness for doctor
visits. Certain apps offer additional features where users can
print reports or directly email them to their providers. This
increased use of mobile apps during pregnancy and postpartum
periods also highlights the importance of providing
evidence-based information, especially because of the vulnerable
nature of these phases. Very few reviewers discussed the
availability of evidence-based content or expressed a desire to
identify the scientific sources of information that are being
presented to them. This may be credited to the fact that users
are more concerned with the overall appeal of an app in terms
of functionality, features, content, or usability, as opposed to
verifying the credibility of this information. Therefore, health
care professionals, app developers, and policy makers may
consider strategies to review and promote apps to consumers
based on information accuracy and trustworthiness. Future
research may focus on evaluating the quality of maternal and
infant health app content and information.
Furthermore, there is increased satisfaction among users whose
needs and viewpoints were adequately addressed by the app
developers. This highlights the fact that consumers value
increased involvement in the app development and delivery
process, which may increase their engagement and long-term
use.
These results may provide meaningful information for app
developers and other stakeholders regarding consumer needs
and expectations pertaining to maternal and infant health apps,
which are often complex and multidimensional. App developers
may also consider strategies to collaborate with health care
professionals for app content development and technical experts
for app interface and usability to provide evidence-based
information with superior functionality to users at low cost.

Strengths and Limitations
A major strength of this study is that it analyzes consumer
attitudes and perspectives toward maternal and infant health
apps using a large and diverse sample of publicly available user
review data from Apple App and Google Play stores. This study
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uses a systematic approach of sampling a comprehensive set of
user reviews for analysis. Importantly, to our knowledge, this
is the first study that uses this particular methodology and
sampling strategy to study users’ perspectives on maternal and
infant health apps.
This study had some limitations. First, it is likely that user
reviews on the app store may not be representative of the larger
population of app users. User opinion on a given app may be
affected by gender, economic status, education level, or other
demographics. However, these data elements were not publicly
available and were not considered to draw conclusions. The
study, therefore, uses information similar to what would
normally be available to consumers in a real-world context
before downloading an app. In addition, the study used a random
sample of user reviews using a strategic approach to capture a
more diverse sample of app users, which probably could not be
achieved using other exploratory methods such as interviews
or focus groups. Second, our results may not be generalizable
to apps belonging to other health domains; for example, app
use for monitoring infant needs may not be applicable to other
populations such as for diabetes or weight loss. Third, the
motivation to post may be to give a negative review to express
dissatisfaction with the app [30]. However, in our random
sample of apps, positive reviews were more common, which is
consistent with previous reports [14,31]. Finally, there is a
possibility of fake reviews to increase the app demand [32];
however, the large number of reviews per app should
compensate for this challenge.

Conclusions
This review extends the literature by emphasizing the features
of maternal and infant health apps that are particularly important
to users. These results may be beneficial for app developers to
consider during app development. Overall, consumers value
low-cost apps that have high-quality content, superior features,
and smooth technical aspects and are easy to use. Users consider
app developer responsiveness an integral part of app use, as it
empowers them in the process of app development and delivery.
These consumer perspectives are essential for mobile health
sustenance, as no best practice guidelines currently exist for the
app environment. Users are increasingly using apps for health
care management and informed decision-making. Thus, health
care professionals, app developers, and policy makers may
consider strategies to review and promote evidence-based and
trustworthy apps to consumers. Future studies may focus on
assessing user experiences by using other qualitative methods
to garner detailed perspectives on long-term app use. This study
should also be replicated in other health domains to gain a
greater sense of consumer perspectives in the field of mobile
health. Future studies may also focus on developing a framework
for consumers to evaluate app quality for effective app
comparisons and use decisions.
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Abstract
Background: Osteoarthritis is a disabling condition that is often associated with other comorbidities. Total hip or knee arthroplasty
is an effective surgical treatment for osteoarthritis when indicated, but comorbidities can impair their results by increasing
complications and social and economic costs. Integrated care (IC) models supported by eHealth can increase efficiency through
defragmentation of care and promote patient-centeredness.
Objective: This study aims to assess the effectiveness and cost-effectiveness of implementing a mobile health (mHealth)–enabled
IC model for complex chronic patients undergoing primary total hip or knee arthroplasty.
Methods: As part of the Horizon 2020 Personalized Connected Care for Complex Chronic Patients (CONNECARE) project,
a prospective, pragmatic, two-arm, parallel implementation trial was conducted in the rural region of Lleida, Catalonia, Spain.
For 3 months, complex chronic patients undergoing total hip or knee arthroplasty and their caregivers received the combined
benefits of the CONNECARE organizational IC model and the eHealth platform supporting it, consisting of a patient
self-management app, a set of integrated sensors, and a web-based platform connecting professionals from different settings, or
usual care (UC). We assessed changes in health status (12-item short-form survey [SF-12]), unplanned visits and admissions
during a 6-month follow-up, and the incremental cost-effectiveness ratio.
Results: A total of 29 patients were recruited for the mHealth-enabled IC arm, and 30 patients were recruited for the UC arm.
Both groups were statistically comparable for baseline characteristics, such as age; sex; type of arthroplasty; and Charlson index,
American Society of Anesthesiologists classification, Barthel index, Hospital Anxiety and Depression scale, Western Ontario
and McMaster Universities Osteoarthritis Index, and Pfeiffer mental status questionnaire scores. Patients in both groups had
https://www.jmir.org/2021/9/e28320
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significant increases in the SF-12 physical domain and total SF-12 score, but differences in differences between the groups were
not statistically significant. IC patients had 50% fewer unplanned visits (P=.006). Only 1 hospital admission was recorded during
the follow-up (UC arm). The IC program generated savings in different cost scenarios, and the incremental cost-effectiveness
ratio demonstrated cost-effectiveness.
Conclusions: Chronic patients undergoing hip or knee arthroplasty can benefit from the implementation of patient-centered
mHealth-enabled IC models aimed at empowering patients and facilitating transitions from specialized hospital care to primary
care. Such models can reduce unplanned contacts with the health system and reduce overall health costs, proving to be cost-effective.
Overall, our findings support the notion of system-wide cross-organizational care pathways supported by mHealth as a successful
way to implement IC for patients undergoing elective surgery.
(J Med Internet Res 2021;23(9):e28320) doi:10.2196/28320
KEYWORDS
mHealth; osteoarthritis; arthroplasty; health plan implementation; chronic disease; mobile phone

Introduction
The progressive aging of populations has led to an increased
burden of chronic diseases [1]. Osteoarthritis (OA) is one of the
most disabling chronic diseases in developed countries.
Worldwide estimates show that 10% of men and 18% of women
aged >60 years have symptomatic OA [2]. Knees and hip are
the most affected locations. Among the people with OA, 80%
have movement limitations and 25% are disabled to perform
major activities of daily living [2]. OA is associated with
increased comorbidities and mortality. More than half of people
with OA have another chronic medical condition, and
approximately one-third of people have five or more chronic
conditions [3].
Total hip arthroplasty (THA) and total knee arthroplasty (TKA)
are effective surgical treatments for end-stage OA, improving
joint function and health-related quality of life (QoL) [4]. Since
2000, the number of hip and knee replacements has increased
rapidly in most countries in the Organization for Economic
Co-operation and Development [5]. On average, hip replacement
rates increased by 30% between 2007 and 2017, and knee
replacement rates increased by 40% [5]. Comorbidities are
independent predictors of increased postoperative complications
and nonhomebound discharge in patients undergoing shoulder,
hip, or knee arthroplasty [6] and are associated with physical
function and pain after primary TKA [6].
So far, the strategies aiming to improve the outcomes of elective
surgeries have mainly focused on enhanced recovery protocols,
prehabilitation, and postoperative rehabilitation protocols, which
have been proven effective for lower limb arthroplasty [7,8].
Nevertheless, there are aspects of the entire care process that
can still be improved. Traditional care models suffer from care
fragmentation, with the different care levels failing to
communicate effectively. After transitioning from hospital care
to primary care, patients can have changes in prescribed drugs
or repetition of tests because of a lack of communication across
health settings [9]. Moreover, traditional models still focus on
diseases rather than patients, which makes patients and their
caregivers passive actors in the process [9]. Therefore, there is
a need for a profound redesign of how care is provided to
chronic older patients to ensure quality and sustainability [10].
Integrated care (IC) models aim to increase health efficiency
through defragmentation of care, including the promotion of
https://www.jmir.org/2021/9/e28320
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collaboration across settings, promotion of patient-centeredness,
and prioritization of preventive strategies [11]. Interestingly,
the use of eHealth tools could be the key to enabling such
models [12], as demonstrated by projects such as Personalized
Connected Care for Complex Chronic Patients (CONNECARE)
[13] or BeyondSilos [14], which have proven the feasibility of
eHealth-enabled IC in the Catalan setting. The adoption of
efficient IC models can result in better outcomes for THA and
TKA. In this regard, a 2017 systematic review on the benefits
of telerehabilitation after orthopedic surgery showed promising
results for patients undergoing THA or TKA [15]. More
recently, Jonker et al [16] confirmed the feasibility of
perioperative eHealth interventions for the management of older
surgical patients. However, there are very few initiatives that
fully embrace the use of eHealth-enabled IC models in older
patients undergoing THA or TKA.
The CONNECARE project is a European Union Horizon 2020
Research and Innovation project aiming to co-design, develop,
deploy, and evaluate a novel smart and adaptive organizational
IC model for complex chronic patients (CCPs) [17]. From 2016
to 2019, the project co-designed an organizational model for
IC and an eHealth platform supporting it by means of an iterative
patient-centered process involving patients and stakeholders
across different health settings. The resulting IC model promoted
collaboration among professionals in different care settings
(hospital specialists, family physicians, and social workers),
prioritizing home-based prevention strategies over institutional
reactive care and fostering patient empowerment. A Smart
Adaptive Case Management (SACM) system is offered as a
web-based platform to professionals from different settings,
and a patient-empowering mobile health (mHealth)
self-management system allowing for three-level monitoring
features and advanced communication is offered to patients.
As part of the CONNECARE project, a novel mHealth-enabled
IC model was implemented in Lleida, Spain, targeting older
CCPs undergoing elective THA or TKA. The existing care
model for THA and TKA in Lleida is an enhanced recovery
after surgery (ERAS) pathway based on different interventions
to reduce perioperative stress; maintain and support homeostasis
and physiological function; and accelerate the achievement of
discharge criteria, including minimizing complications and
readmission [18,19]. Although it produces good results with
low transfusion, low complications, and decreased length of
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stay, it is limited by the scarce communication between
professionals in different care settings, mostly hospital and
primary care professionals, with different electronic medical
records (EMRs) systems in hospitals and primary care centers
(Argos SAP and ECAP [20], respectively). Therefore, we
hypothesized that the new mHealth-enabled IC model could
result in better outcomes for our patients.

Colomina et al

Intervention

This was a prospective, pragmatic, two-arm, parallel
implementation trial comparing usual care (UC) with a 3-month
mHealth-enabled IC intervention. The study was conducted
from July 2018 to August 2019 at the University Hospital of
Santa Maria (Lleida, Spain) and its network of primary care
centers. This corresponds to a large rural area accounting for
more than 236,000 citizens with a life expectancy of 80 and 86
years for men and women, respectively [21].

Patients in the intervention arm were attended using an IC
model, including (1) preliminary assessment of the patient's
health status using several questionnaires, tests, and indices
specific to their main chronic diseases and social needs; (2) a
self-management app, with status and performance reports, a
virtual coach with customizable automated feedback, and full
communication with the care team; (3) a Fitbit Flex 2 digital
activity tracker [23], fully integrated into the self-management
app; (4) a patient’s profile in the SACM web-based platform,
accessible to all members of the care team (family physicians,
hospital surgical team, and social workers) and used to
coordinate professionals in the different settings and enable a
communication channel among them and with the patient, when
needed; and (5) assignment of a case manager in charge of
supervising the whole process and being the main patient contact
point. Additional details on the CONNECARE IC model and
the supporting eHealth platform can be found in Multimedia
Appendix 1. Patients in the control arm were attended using
care as usual, being managed from primary care after hospital
discharge. After discharge from the initial 90 days of UC or IC
management, all patients had 3 months of additional passive
follow-up.

Target Population

Data Collection

The eligibility criteria were home-dwelling patients elected for
primary THA or TKA at the University Hospital of Santa Maria;
aged >65 years; being defined as CCP (Charlson index score
≥3, taking four or more pills per day, and having had contact
with the health system at least two times in the last 12 months);
being classified according to the American Society of
Anesthesiologists (ASA) classification as ASA II (mild systemic
disease) or ASA III (severe systemic disease); and successfully
passing a basic technological test, aimed to ensure the
availability of internet connection at home as well as patients’
or caregivers’ competence with the use of a smartphone, tablet,
or computer. The basic technological test can be found in
Multimedia Appendix 1 [20,22].

Variables characterizing the patients were collected at
recruitment using the SACM on tablet and/or desktop computers.
Collected variables included main baseline characteristics, such
as age, sex, main chronic diseases, Charlson index of
comorbidities [24], ASA scores [25], Barthel index for activities
of daily living [26], Hospital Anxiety and Depression scale [27],
assessment of the dwelling characteristics, main medications,
Pfeiffer mental status questionnaire [28], and tobacco and
alcohol consumption.

This paper describes the results in terms of effectiveness and
cost-effectiveness of the implementation of an mHealth-enabled
IC model for the prevention of hospital readmissions in CCPs
undergoing THA and TKA.

Methods
Study Design

Recruitment
The recruitment was done in several waves to match the pace
of the CONNECARE project technological developments. In
each wave, consecutive potential participants were contacted
by a case manager during preoperative assessment at the
anesthesiology outpatient clinic. The case manager explained
the study protocol and obtained informed consent. These patients
formed the intervention arm. After the recruitment of each
patient included in the intervention arm, an active search for a
control with similar characteristics from the surgery waitlist of
the Orthopedics Department of University Hospital of Santa
Maria began. This enhanced the similarity of patients in the
intervention and control arms, although it implied a certain lag
in the recruitment of controls (from some days to few weeks).
All patients and their caregivers, regardless of study arm,
received a face-to-face explanation about the study and provided
informed consent.
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The cost estimation of the IC program and used health care
resources is described in Multimedia Appendix 1. Briefly, IC
costs included the costs of newly required medical personnel
(hospital-based nurse case managers) and the costs of licensing
and running the IC platform. In contrast, the one-off costs
associated with the development of the IC model and supporting
technology or the tuning of the system were not considered.
Similarly, the required restructuring of health care professionals’
time to include new tasks related to the IC model was assumed
to be covered by the health system at no additional cost, as we
assumed that such restructuring would not imply any additional
time. Costs associated with the use of health care resources,
such as medical visits and hospital admissions, were based on
official data from the Catalan Health Department [22]. All costs
were originally in Euros (€) and were converted into US $
(conversion used: €1=US $1.21).
The main outcomes were (1) intervention effectiveness, as
measured by the changes in the 12-item short-form survey
(SF-12) health questionnaire’s physical and mental domains
(baseline vs discharge) [29]; (2) use of health care resources
after 6 months; and (3) cost-effectiveness, based on the
improvement in QoL relative to costs, assessed by means of the
incremental cost-effectiveness ratio (ICER). The source of health
information was the EMR, and the collected information
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included hospital admissions, emergency room visits, visits to
primary care, and visits to hospital specialists.

Statistical Analyses
Participants’ baseline characteristics were described by n (%),
mean (SD), or median (P25-P75), as appropriate. Comparisons
between IC and control patients’ baseline characteristics were
performed using the chi-square test, t test, or Kruskal-Wallis
test, as appropriate. A paired t test comparing baseline with
discharge was used to assess changes in the SF-12 domains.
Linear regression models were used to assess the differences in
the changes experienced by IC and control patients. Negative
binomial regression models were used to assess the differences
in the number of visits and admissions. Models were adjusted
for age, sex, and Charlson score. ICER was calculated in relation
to the SF-12 total score. Sensitivity analyses assuming two
different scenarios, 150% and 200% estimated cost of the IC
program, were performed to explore the cost-effectiveness
performance of the IC model under unplanned increases in the

Colomina et al
implementation costs. Data analyses were conducted using Stata
version 12.1 (StataCorp). The threshold for significance was
set at a P value of .05. All t tests were two-tailed.

Ethical Considerations
This study was approved by the Ethics Committee of Hospital
Arnau de Vilanova (CEIC-1685), and all patients provided
written informed consent. All collected data were handled and
stored in accordance with the current national and international
legislation.

Results
Up to 82 patients were screened for eligibility. Of them, 49%
(40/82) failed the technological test because they did not have
an internet connection and 4% (3/82) refused to participate.
Therefore, 39 patients were recruited for the mHealth-enabled
IC arm and 30 for the UC arm. Final analyses were based on
29 IC and 30 control patients who completed the follow-up
(Figure 1).

Figure 1. Study flowchart. EMR: electronic medical record.

The baseline characteristics of the patients are presented in
Table 1. Although the proportion of knee surgeries was slightly
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higher in the IC arm, no significant differences were found in
the baseline characteristics of the patients in the two arms.
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Table 1. Baseline characteristics of the patients in the usual care and integrated care arms (N=59).
Characteristic

Usual care (n=30)

Integrated care (n=29)

P valuea

Sex (male), n (%)

8 (27)

12 (41)

.23

Age (years), mean (SD)

74 (8)

72 (9)

.46

Charlson score, mean (SD)

4.3 (1.7)

4.2 (1.5)

.81

American Society of Anesthesiologists class, n (%)

.52

II

10 (33)

12 (41)

III

20 (67)

17 (59)

Western Ontario and McMaster Universities Osteoarthritis Index score, mean (SD)

a

Pain

9.5 (3.4)

9.6 (3.8)

.93

Function

38.7 (12.8)

39.8 (14.2)

.77

Stiffness

2.3 (2.1)

3.0 (2.8)

.29

Barthel score, median (IQR)

95 (90-100)

100 (95-100)

.16

HADb scale anxiety score, mean (SD)

6.2 (4.9)

5.0 (3.9)

.34

HAD scale depression score, mean (SD)

5.0 (2.3)

5.1 (2.9)

.88

Pfeiffer intact intellectual functioning, n (%)

30 (100)

27 (93)

.14

Surgery location: knee, n (%)

22 (73)

26 (90)

.11

Chi-square test, t test, or Kruskal-Wallis equality-of-populations rank test, as appropriate.

b

HAD: Hospital Anxiety and Depression.

Table 2 shows the changes in QoL (SF-12 domains) from
baseline to discharge. Regardless of the study arm, all patients
showed a substantial increase in the SF-12 physical domain.
The analysis of the differences in differences in QoL between

IC and control patients showed no differences. Stratification
according to the surgical location (hip or knee) reported similar
findings.

Table 2. Changes in health status in the usual care and integrated care arms.
12-item short-form survey score

Baseline, mean (SD)

Discharge, mean (SD)

Change, mean (SD)

P value

UCa

27.9 (6.4)

42.0 (7.7)

14.1 (9.0)

<.001b

ICc

29.9 (10.0)

45.3 (9.8)

15.4 (11.7)

<.001b

Difference

2.0 (2.2)

3.3 (2.2)

1.4 (3.2)

.79d

UC

48.1 (14.2)

50.2 (13.5)

2.0 (11.9)

.35b

IC

52.1 (14.2)

52.8 (12.9)

0.8 (15.2)

.79b

Difference

3.9 (3.6)

2.6 (3.6)

−1.3 (5.1)

.94d

UC

76.1 (15.6)

92.2 (18.1)

16.1 (14.8)

<.001b

IC

81.9 (18.8)

98.1 (15.6)

16.2 (14.3)

<.001b

Difference

5.9 (4.5)

6.0 (4.5)

0.1 (6.3)

.94d

Physical

Mental

Total

a

UC: usual care.

b

Paired t test comparing baseline and discharge measures.

c

IC: integrated care.

d

Linear regression predicting the difference in the changes experienced by each arm, adjusted by age, sex, and Charlson index.

Table 3 shows that IC patients had 50% fewer unplanned visits
than patients in the UC arm, either when considering visits
https://www.jmir.org/2021/9/e28320
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directly related to the surgical procedure or any visits. One
patient in the UC arm required hospital admission, whereas no
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admissions were recorded among IC arm patients.

Table 3. Total use of health services during the follow-up period (N=59).

a

Health service

Usual care (n=30), mean
(SD)

Integrated care (n=29), mean
(SD)

P valuea Adjusted P valueb

All unplanned visits

1.4 (1.5)

0.7 (1.0)

.03

.006

Unplanned visits directly related to the surgery procedure 0.8 (1.2)

0.4 (0.7)

.10

.02

All hospital admissions

0.03 (0.2)

0 (0)

N/Ac

N/A

Hospital admissions directly related to the surgery proce- 0.03 (0.2)
dure

0 (0)

N/A

N/A

Negative binomial regression model.

b

Negative binomial regression model adjusted for age, sex, and Charlson comorbidity index.

c

N/A: not applicable.

The analyses of within-trial costs and cost-effectiveness for all
unplanned visits and hospital admissions are summarized in
Table 4 and those for unplanned visits and hospital admissions
related to the arthroplasty procedure are summarized in Table
5. The IC program generated savings from €109.88 (US
$132.96) to €126.99 (US $153.66) per patient, depending on

the nature of unplanned visits and hospitalizations. The IC
program was cost-effective according to ICER, performing
similar in terms of QoL gain while reducing overall expenses
because of the reduction of unplanned visits and hospital
admissions.

Table 4. Changes in health-related quality of life, within-trial costs (average cost per patient), and cost-effectiveness considering all unplanned visits
and hospital admissions.

a

Variables

Usual care (n=30)

Integrated care (n=29) Difference

ICERa

Changes in the 12-item short-form survey score, mean (SD)

16.1 (14.8)

16.2 (14.3)

0.1 (6.3)

N/Ab

Unplanned visits costsc (US $)

106.07

51.74

−54.33

N/A

Hospital admissions costsc (US $)

185.25

0

−185.25

N/A

Total medical costs per patient (US $)

291.32

51.74

−239.58

N/A

Personalized Connected Care for Complex Chronic Patients program cost 0
(US $)

85.92

85.92

N/A

Total costs per patient (US $)

137.66

−153.66

−1920.73

291.32

ICER: incremental cost-effectiveness ratio; incremental cost associated with one additional point gain in the 12-item short-form survey.

b

N/A: not applicable.

c

Costs based on the Catalan Institute of Health official pricing.

Table 5. Changes in health-related quality of life, within-trial costs (average cost per patient), and cost-effectiveness considering unplanned visits and
hospital admissions related to the surgical intervention.

a

Variables

Usual care (n=30)

Integrated care (n=29) Difference

ICERa

Changes in the 12-item short-form survey score, mean (SD)

16.1 (14.8)

16.2 (14.3)

0.1 (6.3)

N/Ab

Unplanned visits costsc (US $)

64.68

31.05

−33.63

N/A

Hospital admissions costsc (US $)

185.25

0

−185.25

N/A

Total medical costs per patient (US $)

249.93

31.05

−218.88

N/A

Personalized Connected Care for Complex Chronic Patients program cost 0
(US $)

85.92

85.92

N/A

Total costs per patient (US $)

116.97

−132.96

−1661.94

249.93

ICER: incremental cost-effectiveness ratio; incremental cost associated with one additional point gain in the 12-item short-form survey.

b

N/A: not applicable.

c

Costs based on the Catalan Institute of Health official pricing.
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Sensitivity analyses assuming two different cost scenarios, 150%
and 200% estimated cost of the IC program, thus exploring
cost-effectiveness under unplanned increases in the
implementation costs, showed savings and cost-effectiveness,
as shown in Tables S1 and S2 in Multimedia Appendix 1.

Discussion
Principal Findings
The prospective assessment of the implementation of an
mHealth-enabled IC program for TKA and THA management
showed a reduction in the number of unplanned contacts with
the health system after the surgery; generated substantial savings
for the health system, while not having any negative impact on
QoL or clinical outcomes; and demonstrated cost-effectiveness.

Strengths and Limitations
The implemented IC model had several strengths that must be
highlighted. First, there was an effort to involve all the
stakeholders from different organizations that would be actors
in a large-scale deployment of the mHealth-enabled IC program
since the very early stages. This is key, as the lack of
cooperation among professionals, teams, and organizations is
a recurrent barrier for effective IC implementation [11]. Second,
informal caregivers played a role in the IC process, as close
relatives of the patients can be their link with the health system.
Moreover, informal caregivers can play a key role in facilitating
the use of self-management apps in older patients. Third, the
self-management app for patients (allowing active monitoring,
communication with the care team, and a virtual coach with
customizable automated feedback) enhanced doctor-patient
relationships [30] and facilitated early detection of any problem
in the surgical recovery process [31]. Fourth, the assessment
and promotion of patients’ physical activity is an effective way
of preventing any mobility impairment, which is found in
one-third of people aged >65 years [32]. Finally, the region
selected for the deployment of the IC program, a large rural
area, was especially appropriate as their citizens can benefit the
most from community-based IC initiatives that can avoid
unnecessary travel to the hospital.
Regarding this study, several strengths and limitations should
be noted. Among the strengths, we note the use of a prospective
study design with a comparator arm; the use of objectively
measured endpoints, such as visits and admissions, in contrast
to patient-reported outcomes; and cost and cost-effectiveness
assessments. Concerning the limitations, the technological
platform supporting the implemented IC model showed
substantial improvements throughout the implementation period.
This implied that patients recruited near the end of the
implementation study had a richer IC experience than those
recruited at the very beginning. Similarly, this had an impact
on health care professionals, who had to cope with a platform
under development and not fully integrated with existing EMRs.
Nevertheless, participating patients and professionals showed
great acceptability of the IC model and setting [33]. Moreover,
directly participating in a dynamic development and
implementation process fostered professionals’ engagement
and allowed them to propose changes and new features to be
developed, which resulted in not a single professional dropping
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out of the study. Next, the limited number of patients involved
in the study had an impact on statistical power. Nevertheless,
the current number of participants sufficed to show a significant
reduction in robust endpoints, such as unplanned visits and
hospital admissions, and showed the cost-effectiveness of the
IC program. Finally, only direct costs were considered, although
the inclusion of indirect or societal costs would most likely
favor the cost-effectiveness of the IC model.

Comparison With Existing Literature
This study aimed to assess the impact of the implementation of
an IC model in three domains: (1) patients’ QoL, (2) patients’
use of health services, and (3) health economics. Regarding the
QoL domain, the IC model performed as good as the UC arm
in the differences-in-differences analysis. This result is in line
with the mixed results found in a 2017 review on the impact of
IC interventions on QoL [34]. However, it is worth noting that
the great increase in QoL obtained after a successful THA or
TKA is likely to mask any minor increase in QoL caused by
being managed in an IC model. Next, regarding the use of health
services, patients in the IC model required 50% fewer unplanned
visits after the surgery. This corresponds to the upper margin
of benefits reported in reviews about IC interventions between
2000 and 2015, which reported significant reductions in hospital
activity ranging from 15% to 50% [35]. These excellent results
could be in line with the notion of system-wide
cross-organizational care pathways as a successful way to
implement IC, in contrast to smaller and narrow interventions
[9]. Finally, regarding health economics, IC generated savings
from €109.88 (US $132.96) to €126.99 (US $153.66) per patient
and was deemed cost-effective. This is in line with reviews
stating the potential cost-effectiveness of IC in the management
of chronic diseases [36]. However, these savings are lower than
the range of US $584-$1434 obtained when applying the same
IC model to CCPs with chronic obstructive pulmonary disease
or heart failure [13], who are more prone to experiencing
unplanned visits and hospitalizations.
When specifically focusing on THA and TKA, previous studies
have suggested the usefulness of the different potential
components of an eHealth IC model, including telerehabilitation
[15], care pathways [18,37], education [38], patient-centeredness
[39], mHealth continuous monitoring [40,41], and cross-setting
integration [42]. However, to our knowledge, this study is the
first to include all these components in a single mHealth-enabled
IC model. Overall, our results are similar to or better than those
reported in these previous studies, suggesting a moderate
additive effect of combining the reported interventions into a
single mHealth-enabled IC model.

Implications for Research and/or Practice
The World Health Organization has already stated the need for
patient-centered IC models to satisfy the health needs of older
populations with chronic diseases while keeping costs
sustainable [29,43]. With this premise in mind, the
CONNECARE project tackled the task of iteratively
co-designing a mHealth-enabled IC model with the participation
of all key stakeholders: patients; hospital-based surgeons,
anesthesiologists, nurses, physiotherapists, and case managers;
primary care physicians and nurses; social caregivers; and
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managers, technical staff, developers, and researchers. This
multidisciplinary
team
envisioned
a
system-wide
cross-organizational patient-centered care pathway, in line with
the principles of the 2015 World Report on Ageing and Health
[1]. The experience acquired during the co-design and testing
process allows us to highlight some key features that future IC
models for the management of older citizens undergoing THA
or TKA should consider (1) a common cross-setting web-based
platform is key for a successful coordination of care across
settings and patient monitoring; (2) the habilitation of functional
communication channels for the patients can be a key source
of savings, as most savings are achieved through the avoidance
of unplanned visits; and (3) involving informal caregivers, such
as younger family members, can facilitate the adoption of

Colomina et al
mHealth tools, such as sensors and self-management apps, and
make the overall user experience very satisfactory [44].
Moreover, it is key to ensure access to an internet connection
at home, as this was the main criterion halting the participation
of potential users.

Conclusions
The implementation of a patient-centered mHealth-enabled IC
model for the management of patients undergoing THA or TKA
successfully empowered patients, effectively connected the
different care settings involved, reduced unplanned contacts
with the health system, reduced health costs, and was
cost-effective. This supports the use of mHealth tools for the
implementation of system-wide cross-organizational IC models.
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Abstract
Background: The assessment of behaviors related to mental health typically relies on self-report data. Networked sensors
embedded in smartphones can measure some behaviors objectively and continuously, with no ongoing effort.
Objective: This study aims to evaluate whether changes in phone sensor–derived behavioral features were associated with
subsequent changes in mental health symptoms.
Methods: This longitudinal cohort study examined continuously collected phone sensor data and symptom severity data,
collected every 3 weeks, over 16 weeks. The participants were recruited through national research registries. Primary outcomes
included depression (8-item Patient Health Questionnaire), generalized anxiety (Generalized Anxiety Disorder 7-item scale), and
social anxiety (Social Phobia Inventory) severity. Participants were adults who owned Android smartphones. Participants clustered
into 4 groups: multiple comorbidities, depression and generalized anxiety, depression and social anxiety, and minimal symptoms.
Results: A total of 282 participants were aged 19-69 years (mean 38.9, SD 11.9 years), and the majority were female (223/282,
79.1%) and White participants (226/282, 80.1%). Among the multiple comorbidities group, depression changes were preceded
by changes in GPS features (Time: r=−0.23, P=.02; Locations: r=−0.36, P<.001), exercise duration (r=0.39; P=.03) and use of
active apps (r=−0.31; P<.001). Among the depression and anxiety groups, changes in depression were preceded by changes in
GPS features for Locations (r=−0.20; P=.03) and Transitions (r=−0.21; P=.03). Depression changes were not related to subsequent
sensor-derived features. The minimal symptoms group showed no significant relationships. There were no associations between
sensor-based features and anxiety and minimal associations between sensor-based features and social anxiety.
Conclusions: Changes in sensor-derived behavioral features are associated with subsequent depression changes, but not vice
versa, suggesting a directional relationship in which changes in sensed behaviors are associated with subsequent changes in
symptoms.
(J Med Internet Res 2021;23(9):e22844) doi:10.2196/22844
KEYWORDS
mHealth; personal sensing; digital phenotyping; passive sensing; ecological momentary assessment; depression; anxiety; digital
biomarkers; digital phenotyping; mental health assessment; mobile device; mobile phone; internet technology; psychiatric
disorders; mobile phone
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Introduction
Background
Behaviors such as levels of activity and social engagement are
associated with common mental health conditions such as
depression and anxiety [1-4]. Retrospective evaluations of these
behaviors through self-report measures or interviews rely heavily
on retrospective recall, which is subject to systematic biases
[5,6]. Even more accurate methods, such as ecological
momentary assessment (EMA), which acquire self-reported
experiences in the course of peoples’ lives [7,8], have not proven
practical over extended periods outside of research settings [7].
Accelerometry data from wearable devices that measure activity
levels have also been associated with depression [9], but many
people stop wearing the devices within the first weeks [10].
Smartphones are becoming ubiquitous. As of 2019, 81% of
Americans owned a smartphone [11], as did 76% of people in
countries with advanced economies, and 45% in emerging
nations [12]. Smartphones are fully integrated into our lives,
supporting a growing number of activities. Smartphones contain
embedded networked sensors that provide continuous, objective
data without user effort, which can be used to produce
behavioral markers. A growing body of research suggests that
these sensor data can be associated with common mental health
problems [13]. Location features derived from GPS actual
measurement of patterns of locations visited, time in locations,
and travel in phone communications such as text messaging
and phone and app use have been associated with depression,
anxiety, and social anxiety [14-17].
The potential for personal mobile sensing to improve our
understanding of the relationship between behavior and mental
health, as well as to advance clinical care, has been widely
recognized [18]. However, although there is promise, research
to date has had a number of weaknesses. Many of these studies
have been conducted in small, relatively homogenous groups,
such as students [15,16,19-21]. Although there has been some
specificity, with location features tending to identify depression
[14,15,19,22,23] and communication features tending to predict
social anxiety [17], there have also been a few studies that have
found the opposite [16,24]. This may be because of the
heterogeneity in symptoms and comorbidities [25], which are
common and have not been considered in existing research [13].
To date, studies have focused on using sensed behavioral
features to estimate a person’s state, either the presence or
absence of a condition or symptom severity. With some
exceptions, they have generally not evaluated the capacity for
sensed behavioral features to predict whether symptoms will
increase or decrease in the future. Among the few studies that
have examined the capacity of sensed features to predict
symptom change, one small study of 18 patients with bipolar
disorder found that greater inconsistencies in rates of typing on
a smartphone keyboard were related to future greater depressive
symptom severity [26]. Relative to studies that use sensed
behavior to estimate a person’s state, the temporal relationship
between sensed behaviors and symptom change has received
relatively little attention.
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Objectives
In this study, we examine the temporal relationship between
changes in sensor features and subsequent changes in mental
health symptoms in a large sample of participants. The aim of
this exploratory study is to evaluate whether changes in classes
of smartphone sensor features were associated with changes in
symptom severity for depression, anxiety, and social anxiety,
across all participants as well as within groups clustered based
on symptoms.

Methods
Participants
Participants were recruited from July 15 to July 26, 2019,
through ResearchMatch, a National Institute of Health-funded
volunteer network, and the Center for Behavioral Intervention
Technologies research registry. Participants were included if
they were US citizens and residents, age ≥18 years, could read
English, and had an Android smartphone. Participants were
excluded if they endorsed, via self-report, having been diagnosed
with a severe mental illness, defined as bipolar disorder,
schizophrenia, or other psychotic disorder. Participants were
compensated for completing measures at set assessment points
as well as for completing EMA check-ins. Compensation for
completing assessments increased as the study period
progressed, such that participants were compensated relatively
less for early assessment points and relatively more for
assessments toward the end of the study. No single assessment
was compensated at more than US $32.50 per assessment time
point. Recruitment was advertised as a study on depression and
deliberately oversampled depressed participants such that at
least 50% of the sample experienced at least moderate
depression symptom severity according to the 8-item Patient
Health Questionnaire (PHQ-8).

Procedures
Participants downloaded the Passive Data Kit [27] mobile app,
which unobtrusively collects phone sensor data and administers
surveys. Web-based questionnaires were administered every 3
weeks. Participants were enrolled in the study for 16 weeks.
All procedures were approved by the Northwestern University
Institutional Review Board, and informed consent was obtained
from all participants before participation.

Measures
Participants completed web-based symptom severity assessments
at baseline and every 3 weeks until the end of the study period
(ie, weeks 4, 7, 10, 13, and 16). Symptom measures included
depression severity (PHQ-8) [28], generalized anxiety disorder
(Generalized Anxiety Disorder 7-item scale [GAD-7]) [29], and
social anxiety disorder (Social Phobia Inventory [SPIN]) [30].
The PHQ-8 was administered as an EMA survey after the
baseline assessment point and, subsequently, had one additional
assessment point (week 1) relative to other symptom measures.
Phone sensor data included GPS coordinates sampled once
every 5 minutes, communication information (ie, phone logs
and duration, text message logs, and length), and open apps.
Assessment weeks occurred every 3 weeks, during which
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participants were asked each evening to label the semantic
location (type of location) that they had visited for more than
10 minutes [31]. A series of maps identifying each location
were presented, and participants selected the category of each
place (eg, home, work, errand, entertainment, place of worship,
etc).

Data Analyses
Phone Sensor Feature Transformation
Overview
We considered four categories of phone features for our analysis:
GPS-derived movement and location information, semantic
locations, app use, and phone-based communication (calls and
texts).
To increase interpretability and reduce the number of sensor
features, we aggregated features first based on their phone sensor
source, as different sensor sets provide unique information.
Within each sensor set, we used unit weightings that maximized
the interpretability for each feature aggregation. Where possible,
we used existing theory to guide our unit aggregations. All
sensor features were standardized (mean-centered with unit
variance) across the full sample and averaged to produce sensor
groupings within the four sensor categories. A full list of
features, feature calculations, and their groupings can be found
in Multimedia Appendix 1.
GPS-Derived Location and Movement
Following the methodology of Saeb et al [20], we computed
high-level features from GPS data that measure participant
movement, including location variance (variability in GPS
location), total unique location clusters, location entropy
(variability in time spent at location clusters), normalized
entropy, total distance traveled, average velocity, and circadian
movement (extent to which sequence of locations followed a
24-hour pattern). The features were aggregated into Locations
(location cluster and location variance; represents the number
and variability in locations visited), Time (total entropy,
normalized entropy, and circadian movement; represents the
variability in time spent across locations), and Transitions
(distance traveled and velocity; represents travel between
locations).
Semantic Location
Labels for semantic location categories included home duration,
work duration, shopping duration, social activities duration (eg,
friends’ homes and entertainment), religious activities duration
(eg, place of worship), and exercise location duration (eg, gyms).
During the nonassessment weeks, semantic labels were assigned
to locations visited using GPS coordinates assigned during the
assessment weeks. This allowed us to estimate the daily duration
of time participants spent in each semantic location category.
Communication
The number of incoming and outgoing calls and texts, call
duration, and text message length were summed to obtain daily
aggregates. The feature groups were Calls and Text Messages.
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App Use
Apps running in the foreground of the phone were sampled
every 5 minutes. We aggregated to produce daily app use
duration measurements. We grouped apps of interest into 3
categories based on previous theory that certain apps facilitate
active use, whereas others elicit more passive use [32,33]. This
theoretical underpinning resulted in 3 categories of app use that
were manually constructed using unit weighting. Final
categorizations included: Active Apps (eg, messaging, email,
and maps), which required active engagement to complete the
primary essential task of each app, Information Consumption
Apps (eg, YouTube and web browsers) where the primary
purpose was more passive consumption of information or
entertainment and Social Apps (eg, Facebook, Instagram, and
Snapchat), which were considered social media apps, and were
generally considered as a unique category of apps [34].

Population Clustering
Heterogeneity in underlying symptom patterns may impede the
ability to observe clinically meaningful relationships between
sensor features and symptom severity [13,35]. We used a
data-driven approach, performing k-means clustering on the
baseline PHQ-8, GAD-7, and SPIN items [36]. We chose k=4
using the elbow heuristic to choose the number of clusters
(Multimedia Appendix 2). Qualitative analysis of these clusters
showed that the 4 groups roughly corresponded to (1) a Minimal
Symptom cluster (n=88), comprising participants characterized
by low mean scores on all outcome measures; (2) a Depression
andSocial Anxiety cluster (n=71) that included participants with
predominantly moderate severity scores on the PHQ-8 and the
SPIN, but low scores on the GAD-7 measures; (3) a Depression
and Anxiety cluster (n=69), characterized by generally
moderate-severe symptoms on the PHQ-8, moderate symptoms
on the GAD-7, but mild ratings on the SPIN; and a (4) Multiple
Comorbidities cluster (n=54) characterized by elevated ratings
across all three symptom measures, with a substantial proportion
scoring in the severe range.

Statistical Methods: Correlation of Changes in Sensors
to Changes in Symptom Severity
Figure 1 shows the strategy we used to lag, by 2 weeks, repeated
measure correlations [37] of the changes in phone sensor
features with changes in symptom severity. The 2-week window
for sensor features, consistent with previous research [14,20],
was used to allow for sufficient quality of sensor readings to
match the retrospective time spans of self-report questionnaires
and to maximize data available for analysis while preventing
overlapping data sources (ie, symptom outcomes and concurrent
sensed behavioral data) from being used at different time points.
For the PHQ-8, we had six check-ins across the entire study,
yielding five pairs of changes for each participant, whereas for
GAD-7 and SPIN, we had five check-ins, yielding four pairs of
changes for each participant. For analyses, in which changes in
sensor features were used to estimate subsequent symptom
severity, Sn2−Sn1 was correlated with Sx2−Sx1. For analyses
in which changes in symptom severity were used to estimate
changes in subsequent sensor features, Sx2−Sx1 was correlated
with Sn'2−Sn'1. To correct for multiple comparisons, we
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computed adjusted P values using the Benjamini-Hochberg
procedure to control the false discovery rate [38].
If one assessment check-in was missing from a given pair of
check-in dates, we used a within-person mean-fill method for

Meyerhoff et al
the missing assessment. Any pair of assessment check-ins that
had missing phone sensor data was discarded from analyses.
Power calculations revealed that a sample size of 255 would be
required to detect an effect size (correlation, |ρ|) of 0.2 at an α
of .05 and power (β) of .90.

Figure 1. The sensor window preceding (a) and proceeding (b) the assessment check-ins. Correlations are run as corrected (Sx2−Sx1, Sn2−Sn1) and
corrected (Sx2−Sx1, Sn'2−Sn'1).

Results

characteristics across the entire sample and participant clusters
are detailed in Multimedia Appendix 3.

Participants
The flow of participants in this study is shown in Figure 2.
Participant demographic and baseline symptom severity
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Figure 2. Participant flow diagram. GAD-7: Generalized Anxiety Disorder 7-item scale; PHQ-8: 8-item Patient Health Questionnaire; SPIN: Social
Phobia Inventory.

Symptom Change Over Time
Ordinary least square regression revealed no significant change
in symptom severity as a function of time (PHQ-8: P=.80;
GAD-7: P=.83; SPIN: P=.57). However, there was substantial
within-participant variability depending on the symptom
measure, with mean SDs of 2.66, 3.50, and 5.90, for the PHQ-8,
GAD-7, and SPIN, respectively.
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Association Between Sensor-Derived Behavioral
Feature Changes and Subsequent Symptom Severity
Change
Overview
Table 1 displays the repeated measure correlations primary
outcomes by symptom cluster.
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Table 1. Repeated measure correlations between sensor and symptom changes and symptom and sensor changesa.
Characteristics

Repeated measure correlations
Change in sensor features association with change in
symptom measure
P value
b

Value, n

dof

Locations

223

802

Time

223

Transitions

rrm

c

Change in symptom measure association with change in
sensor features

P value

(uncorrected)

(corrected)

−0.17

<.001

802

−0.12

223

802

−225

Work duration
Shopping

d

b

rrm

P value

P value

(uncorrected)

(corrected)d

Value, n

dof

<.001

225

801

<0.001 .98

.98

<.001

.003

225

801

−0.006 .86

.97

−0.12

<.001

.003

225

801

0.020

.56

.94

806

0.054

.13

.23

224

801

0.017

.64

.95

192

700

0.026

.50

.53

190

691

−0.012 .74

.97

212

767

0.009

.80

.80

210

210

−0.005 .88

.97

219

790

−0.062 .08

.17

207

207

−0.021 .57

.94

Religious activities 54
duration

195

−0.084 .24

.36

44

44

−0.14

.08

.31

Exercise location
duration

85

314

0.18

.005

81

81

−0.13

.02

.30

223

796

−0.034 .34

.46

221

790

−0.062 .08

.31

225

802

0.03

.40

.50

221

786

−0.023 .52

.94

Active apps

226

809

−0.041 .24

.36

225

807

−0.004 .90

.97

Information consumption apps

225

805

0.026

.47

.53

226

809

−0.072 .04

.30

Social apps

208

748

0.073

.05

.14

207

746

−0.021 .57

.94

Symptom measure: PHQ-8e
Full samplef
GPS features

Semantic location
Home
duration

duration
Social activities
duration

.001

Communication
SMS text
messages
Calls
App use

Subgroups (features with corrected P≥.1 omitted)
Multiple comorbidities
Locations

41

143

−0.36

<.001

<.001

41

143

0.021

.80

.93

Time

41

143

−0.23

.005

.02

41

143

−0.061 .46

.70

Transitions

41

143

−0.18

.03

.07

41

143

0.051

.55

.74

Exercise location
duration

11

41

0.39

.01

.03

10

33

−0.13

.45

.70

Active apps

42

146

−0.31

<.001

<.001

42

146

0.10

.22

.70

Depression and anxiety
Locations

56

204

−0.20

.005

.03

56

202

0.022

.75

.94

Transitions

56

204

−0.21

.002

.03

56

202

−0.17

.02

.22

218

−0.17

.01

.08

62

218

0.007

.92

.93

Depression and social anxiety
Locations
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Repeated measure correlations
Change in sensor features association with change in
symptom measure
P value
b

P value

rrmc

(uncorrected)

(corrected)

Value, n

dof

Time

61

218

−0.16

.02

Social Activities
Duration

60

214

−0.17

.01

Change in symptom measure association with change in
sensor features

d

b

P value

P value

rrm

(uncorrected)

(corrected)d

Value, n

dof

.08

62

218

0.025

.71

.93

.08

57

208

0.006

.93

.93

66

193

-0.045

.53

.73

Symptom measure: SPINg
Depression and social anxiety (features with corrected P≥.1 omitted)
Calls

66

195

0.25

<.001

.005

a

There were no significant associations between sensor features and subsequent 8-item Patient Health Questionnaire (PHQ-8) symptoms or PHQ-8
symptoms and subsequent sensor features within the minimal symptoms group. There were also no significant associations between sensor features and
subsequent Generalized Anxiety Disorder 7-item scale (GAD-7) symptoms or GAD-7 symptoms and subsequent sensor features for any subgroup.
b

dof = n (k − 1), where n is the total number of participants and k is the average number of observations per participant.

c

Repeated measures correlation coefficient.

d

Benjamini-Hochberg corrected P values. Identical P values are due to the recursive definition of the Benjamini-Hochberg correction; it is possible for
corrected P values to be identical, especially for nonsignificant correlations.
e

PHQ-8: Patient Health Questionnaire-8 item.

f

Full results are provided for Patient Health Questionnaire-8 item results in the full sample only to display all sensed behavioral features. Thereafter
only relationships with corrected P<.1 are displayed.
g

SPIN: Social Phobia Inventory.

Location Features
Patterns in individuals’ movements were associated with
subsequent changes in psychological symptoms, specifically
depressive symptoms. Changes in GPS-derived Location were
negatively associated with changes in the PHQ-8 in two of three
symptom clusters, Multiple Comorbidities (r=−0.36; P<.001),
Depression and Anxiety (r=-.20; P=.03), and the full sample
(r=−0.17; P<.001) and trended toward significance in the
Depression and Social Anxiety cluster (r=−0.16; P=.08), but
the results were not statistically significant. Changes in
GPS-derived Time were negatively associated with changes in
PHQ-8 within the Multiple Comorbidities cluster (r=−0.23;
P=.02) and the full sample (r=−0.12; P=.003) and trended
toward significance in the Depression and Social Anxiety cluster
(r=−0.16; P=.08), but the results were not statistically
significant. Changes in GPS-derived Transitions were negatively
correlated with changes in PHQ-8 for the Depression and
Anxiety cluster (r=−0.21; P=.03) and the full sample (r=−0.12;
P=.003) and trended toward significance in the Multiple
Comorbidities cluster (r=−0.18; P=.07), but the results were
not statistically significant. There were no significant
relationships for the Minimal Symptom cluster for the PHQ-8
and no significant relationships between GPS features and
subsequent changes in the GAD-7 or SPIN.
Certain types of semantic locations were also associated with
PHQ-8 changes. In the depression and social anxiety cluster,
there was a trend toward significance for Social Activity
Duration, which was negatively correlated with changes in the
PHQ-8 (r=−0.17; P=.08), but the results were not statistically
significant. Within the Multiple Comorbidities symptom cluster
and the full sample, Exercise Location Duration was positively
associated with subsequent changes in PHQ-8 scores (Multiple
https://www.jmir.org/2021/9/e22844
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Comorbidities cluster: r=0.39, P=.03; full sample: r=0.18,
P=.005). This unexpected association between changes in
exercise locations and changes in PHQ-8 was likely due to a
preponderance of individuals who spent no time in
exercise-based locations (ie, zero change in Exercise Location
Duration from zero time spent in exercise locations), thus
overweighting the data of some individuals who saw increased
time spent in exercise-based locations with increased PHQ-8.
There were no significant relationships within the minimal
symptom cluster for the PHQ-8, and no significant relationships
were found between semantic location features and subsequent
changes in the GAD-7 or SPIN.

Telephone Calls
Within the Depression and Social Anxiety baseline cluster,
increases in calls were associated with increases in SPIN scores
(r=0.25; P<.001).

App Use
Changes in Active App Use were negatively correlated (r=−0.31;
P<.001) with changes in PHQ-8 scores within the Multiple
Comorbidities cluster.

Association Between Changes in Symptom Severity
and Subsequent Change in Sensor-Derived Behavioral
Features
There were no significant correlations between changes in any
symptom severity measures and subsequent changes in
sensor-derived behavioral features.

Missing Data
Across all treatment weeks, missingness (ie, the number of
missing observations/total number of possible observations for
J Med Internet Res 2021 | vol. 23 | iss. 9 | e22844 | p.383
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all 282 participants) was higher for the PHQ-8 (277/1692,
16.37%) assessments than for the GAD-7 (104/1410, 7.38%)
and SPIN (104/1410, 7.38%). PHQ-8 assessments were
administered through our smartphone app, whereas the GAD-7
and SPIN were administered through REDCap (Research
Electronic Data Capture) [39]. In addition, across symptom
outcome measures and relative to baseline symptom levels
(Multimedia Appendix 3), those with missing assessments
tended to have slightly higher baseline symptom severity
(PHQ-8 range: 10.94-12.82; GAD-7 range: 9.95-11.5; and SPIN
range: 24.52-27.48).

those with comorbid social anxiety. Thus, there was support for
the notion that symptom constellations are important
considerations for some features.

Discussion

These findings indicate that sensor-derived behavioral features,
which are objective and can be acquired with reduced participant
effort, can be a useful tool for investigating the role of some
behaviors in changing depressive symptom severity. There has
been much speculation about the clinical potential of mobile
sensing [18,44]. The effect sizes are modest, albeit consistent
with many other studies that have examined the use of sensed
behavioral features to estimate the presence or severity of
symptoms [16,19]. This study does not support the use of phone
sensor data alone in monitoring symptom changes in mental
health populations; however, phone sensor data may be useful
in conjunction with other networked sensing tools such as
wearables. Phone sensor data may be useful for digital mental
health interventions [45]. Just-in-time adaptive interventions
[46,47] use individualized data to predict risk and deliver
context-aware intervention material that is adaptive. These
approaches are increasingly applied in digital health
interventions, such as identifying when to send messages to
increase physical activity such as step counts [48]. The promise
of delivering motivational messages at opportune moments that
reinforce behavioral activation strategies, such as visiting
someplace new, spending more time outside of the home or
work, or engaging socially, has the potential to improve
engagement with these tools and reduce depression.

Principal Findings
Changes in numerous phone sensor–derived behavioral features
were associated with subsequent changes in mental health
symptoms among people with elevated symptoms of depression.
However, changes in symptoms were not associated with
subsequent changes in behavioral features. GPS location features
were fairly consistently and negatively, albeit modestly, related
to subsequent changes in depression severity across symptom
groups. This is consistent with a number of previous relatively
small studies showing correlations between GPS features and
depression [14,19,20,22,40,41]. This larger study confirms these
earlier findings, and importantly, indicates a directional
relationship in which GPS features are associated with
subsequent increases or decreases in depressive symptoms, but
not with anxiety or social anxiety.
The types of locations (work, shopping, etc) people visited were
less consistently related to changes in depression. This does not
necessarily mean that specific locations are unimportant at the
individual level: one person may like shopping, whereas another
may detest it. However, this suggests that patterns of movement
through geographic space, irrespective of the destinations or
locations to which one travels, are indicators of symptom change
among people with depression. We speculate that this may
reflect a loss of motivation expressed through geographic
movement. Perhaps more speculatively, it may also be that
changes in neurocognitive mechanisms, such as executive
control, affect, and motivation, impact both depression and basic
mechanisms involved in movement through geographic space
[42,43].
The different constellations of symptoms that participants
experience impact the salience of some sensed behaviors in
predicting outcomes. For example, only within participants in
the Depression and Social Anxiety symptom cluster was the
amount of time spent in locations related to social activities
associated with (at the trend level) subsequent change in
depressive symptoms, suggesting that although locations are
generally useful for depression prediction, social activities may
be particularly useful when social anxiety symptoms are present.
Active App Use (texting, email, and mapping) was associated
with depression change among those with multiple and more
severe comorbidities. Although GPS features were generally
useful, features integrating time and location were not useful
among those with comorbid generalized anxiety, and features
measuring transitioning between locations were not useful for
https://www.jmir.org/2021/9/e22844
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Increases in telephone calls were associated with increases in
social anxiety symptoms among clusters characterized by
depression and social anxiety. This finding notwithstanding,
the capacity for sensor-derived features to be associated with
changes in social anxiety symptoms was not as consistent as
that for depressive symptoms. Furthermore, we did not find any
associations between sensor-derived features and generalized
anxiety symptom changes.

Limitations
This study had several limitations. First, the exploratory nature
of this study requires interpreting results with caution and
necessitates that future work must explicitly test the a priori
hypotheses arising from these results. Next, although we
establish significant temporal relationships between sensed
behavior changes and subsequent changes in symptom severity,
our study is not experimental and does not establish causal
relationships. Furthermore, our sensor feature aggregations were
limited to single sensor sources and were constructed to
maximize interpretability; however, future studies that use
data-driven aggregations are necessary to help inform feature
aggregations across sensor modalities. Although aggregating
across sensor modalities presents a challenge for interpretability,
future work that examines cross-sensor aggregations could yield
improved estimation of sensed behaviors and, subsequently,
more robust associations with changes in symptoms. In addition,
although these findings provide some support for the hypothesis
that sensed behavior change is associated with subsequent
changes in depression and not vice versa, this study examined
the associations between changes in sensor features and
subsequent changes in symptom severity measures lagged by
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2 weeks, and therefore should not be generalized to periods
beyond the 2-week window. Another limitation is that our
sample only included those who used Android devices and
agreed to participate in this research. App use and
communication data are not readily available for iOS devices.
Regarding data missingness, across all the surveys, individuals
who had missing data had higher baseline symptom severity
than the overall sample, though not dramatically so; thus, data
were missing not at random. These missingness rates are in line
with established criteria that are often used as the standard for
good trial data [49]. Finally, although we controlled for multiple
analyses, we nonetheless caution against overinterpretation of
more isolated findings that need to be replicated in future
studies.

Meyerhoff et al

Conclusions
The ubiquity of smartphones with networked sensors has opened
up new opportunities to identify behavioral markers related to
mental health that can be acquired continuously and effortlessly.
Changes in movement through geographic space were
consistently associated with subsequent changes in depressive
symptoms; however, there was no evidence that changes in
depression were associated with subsequent changes in sensed
behaviors. This supports a directional relationship in which
changes in movement patterns precede symptom change, but
symptom change does not precede changes in movement
behaviors.
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Abstract
Background: When using a smartwatch to obtain electrocardiogram (ECG) signals from multiple leads, the device has to be
placed on different parts of the body sequentially. The ECG signals measured from different leads are asynchronous. Artificial
intelligence (AI) models for asynchronous ECG signals have barely been explored.
Objective: We aimed to develop an AI model for detecting acute myocardial infarction using asynchronous ECGs and compare
its performance with that of the automatic ECG interpretations provided by a commercial ECG analysis software. We sought to
evaluate the feasibility of implementing multiple lead–based AI-enabled ECG algorithms on smartwatches. Moreover, we aimed
to determine the optimal number of leads for sufficient diagnostic power.
Methods: We extracted ECGs recorded within 24 hours from each visit to the emergency room of Ajou University Medical
Center between June 1994 and January 2018 from patients aged 20 years or older. The ECGs were labeled on the basis of whether
a diagnostic code corresponding to acute myocardial infarction was entered. We derived asynchronous ECG lead sets from
standard 12-lead ECG reports and simulated a situation similar to the sequential recording of ECG leads via smartwatches. We
constructed an AI model based on residual networks and self-attention mechanisms by randomly masking each lead channel
during the training phase and then testing the model using various targeting lead sets with the remaining lead channels masked.
Results: The performance of lead sets with 3 or more leads compared favorably with that of the automatic ECG interpretations
provided by a commercial ECG analysis software, with 8.1%-13.9% gain in sensitivity when the specificity was matched. Our
results indicate that multiple lead-based AI-enabled ECG algorithms can be implemented on smartwatches. Model performance
generally increased as the number of leads increased (12-lead sets: area under the receiver operating characteristic curve [AUROC]
0.880; 4-lead sets: AUROC 0.858, SD 0.008; 3-lead sets: AUROC 0.845, SD 0.011; 2-lead sets: AUROC 0.813, SD 0.018;
single-lead sets: AUROC 0.768, SD 0.001). Considering the short amount of time needed to measure additional leads, measuring
at least 3 leads—ideally more than 4 leads—is necessary for minimizing the risk of failing to detect acute myocardial infarction
occurring in a certain spatial location or direction.
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Conclusions: By developing an AI model for detecting acute myocardial infarction with asynchronous ECG lead sets, we
demonstrated the feasibility of multiple lead-based AI-enabled ECG algorithms on smartwatches for automated diagnosis of
cardiac disorders. We also demonstrated the necessity of measuring at least 3 leads for accurate detection. Our results can be used
as reference for the development of other AI models using sequentially measured asynchronous ECG leads via smartwatches for
detecting various cardiac disorders.
(J Med Internet Res 2021;23(9):e31129) doi:10.2196/31129
KEYWORDS
wearables; smartwatches; asynchronous electrocardiogram; artificial intelligence; deep learning; automatic diagnosis; myocardial
infarction; timely diagnosis; machine learning; digital health; cardiac health; cardiology

Introduction
Wearable devices, simply referred to as “wearables,” are smart
electronics or computers that are integrated into clothing and
other accessories that can be worn on or attached to the body
[1]. The consumer adoption of wearable technology for health
care services is skyrocketing owing to increasing interest in
personalized health management, disease prevention, and fitness
[2,3]. One such technology is continuous/day-to-day
measurement of single-lead electrocardiograms (ECGs) via
smartwatches or other portable/handheld devices [4-6]. These
devices can provide a novel opportunity for facilitating timely
diagnostics by extending the availability of ECG measurement
to the general population outside the hospital.
Smartwatches and other portable/handheld ECG devices
measure single-lead ECG when the 2 electrode detectors are
attached to 2 different parts of the body [5]. However, useful
information from other leads can potentially be neglected when
only a single lead is evaluated [7]. Analyzing electrical activity
of the heart from different spatial locations by measuring
multiple leads is necessary for accurate and robust detection of
cardiac disorders, such as myocardial infarction, pulmonary
embolism, and acute left or right heart failure [8,9]. Accordingly,
the standard 12-lead ECG is the most commonly used
assessment among physicians for evaluation of the heart.
Previous studies have explored the possibility and described
the methodology of measuring multiple ECG leads using
smartwatches [9,10]. Multiple ECG leads can be obtained from
smartwatches by sequentially placing the smartwatch on
different parts of the body (Figure 1). The ECG signals from
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different leads are asynchronous when measured in this way.
There are also reports evaluating the concordance of
multiple-lead ECG obtained by smartwatches compared with
the standard 12-lead ECG in detecting conditions related to
ischemic heart disease when read by physicians [11-13].
To the best of our knowledge, previous studies on automated
diagnosis or classification of ECGs using artificial intelligence
(AI) have utilized either single-lead ECGs or synchronous
multiple-lead ECG signals as input [14-19]. Application of
asynchronous ECG signals for AI model development is largely
unexplored. Such an application needs to be assessed to ensure
that multiple lead-based AI-enabled ECG models can be
implemented on smartwatches. Moreover, the adequate number
of sequentially recorded leads from smartwatches that would
ensure sufficient diagnostic power of the AI-enabled ECG model
needs to be verified.
In this study, we aimed to develop an AI model for detecting
acute myocardial infarction using asynchronous ECG lead sets
and then compare the performance of our model with that of an
automatic ECG interpretation provided by a commercial ECG
analysis software. Such a model could prove the feasibility of
AI-enabled ECG algorithms on smartwatches. As a prerequisite
to develop such a model, we derived asynchronous ECG signals
from standard 12-lead ECG reports to simulate a situation
similar to the sequential recording of ECG leads via
smartwatches. Moreover, we aimed to find the optimal number
of leads for sufficient diagnostic power by randomly masking
each lead channel during the training phase and
validating/testing our model with various targeting lead sets
(and masking the remaining lead channels).
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Figure 1. Example of measuring multi-lead electrocardiogram (ECG) from a smartwatch. Multiple-lead ECG can be obtained from smartwatches by
sequentially placing the smartwatch on different parts of the body. The figure depicts an example of measuring leads I, II, V1, and V4 sequentially.
Lead I can be recorded with the smartwatch on the left wrist and the right index finger on the crown. Then, after removing the smartwatch from the left
wrist, lead II can be recorded with the smartwatch on the left lower quadrant of the abdomen and the right index finger on the crown. Next, leads V1
and V4 can be recorded with the smartwatch on the fourth intercostal space at the right sternal border and fifth intercostal space at the midclavicular
line, respectively, with the right index finger on the crown in both cases.

Methods

emergency room visit time or the diagnosis of the patients, from
the AUMC Electronic Medical Records database.

Ethics Approval

For our study, we identified and extracted ECGs recorded within
24 hours from each visit to the emergency room between June
1994 and January 2018 from patients aged 20 years or older.
For each visit to the emergency room, all diagnoses made during
the stay in hospital were collected. If either International
Classification of Diseases, Tenth Revision (ICD-10) code I21
(acute myocardial infarction) or I22 (subsequent ST elevation
and non-ST elevation) was entered, the ECGs for those visits
were labeled as having acute myocardial infarction. For visits
that had neither of the 2 ICD-10 codes entered, the ECGs for
those visits were labeled as not having acute myocardial
infarction.

The Institutional Review Board of Ajou University Hospital
approved this study (protocol AJIRB-MED-MDB-20-597) and
waived the requirement for informed consent because only
anonymized data were used retrospectively.

Data Sample and Labeling
We utilized standard 12-lead ECG reports collected from
General Electric (GE) ECG machines at Ajou University
Medical Center (AUMC), a tertiary teaching hospital in South
Korea. These ECG reports of AUMC originally exist as PDFs
and are stored in a database. Thus far, the ECG database contains
a total of 1,039,550 ECGs from 447,445 patients, collected
between June 1994 and January 2018. A previous study
extracted raw waveforms, demographic information, and ECG
measurement parameters/automatic ECG interpretations made
by the GE Marquette 12SL ECG Analysis Program from these
reports [20]. In these reports, each lead is 2.5 seconds in duration
and sampled at 500 Hz. We also collected clinical data, such as
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We split the data into training/validation (80%) and independent
hold-out test (20%) sets, and then further split the
training/validation set into training (85%) and validation (15%)
sets. To reduce ambiguity, we excluded patients whose time of
registration for the ICD-10 codes for acute myocardial infarction
(I21 or I22) was either “null” (meaning that the registration time
was not entered and thus is unknown) or not within 24 hours
of ECG measurement.
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After model development, we compared the performance of our
model with that of the automatic ECG interpretation provided
by the GE ECG analysis program. To derive the performance
of the automatic ECG interpretation for detecting acute
myocardial infarction, we categorized the interpretations in 2
different ways. First, the automatic ECG interpretation was
categorized as myocardial infarction if the interpretation
included at least one of the following three phrases: “ACUTE
MI,” “ST elevation,” and “infarct.” The second categorizing
criterion consisted of the 3 phrases in the first labeling criterion
along with the following three phrases: “T wave abnormality,”
“ST abnormality,” and “ST depression.” We thus derived 2
distinct performance indices from these 2 categories.

Deriving Asynchronous Lead Sets From ECG Reports
Multimedia Appendix 1 shows an example of a standard 12-lead
ECG report used at AUMC. These ECG reports are
asynchronous as a whole while being synchronous when
grouped into 4 subsets of 3 leads each. The x-axis of the ECG
report represents time flow; the waveforms on the left side are
recorded earlier than those on the right side. The total recorded
time of this ECG report is 10 seconds. In Multimedia Appendix
1, leads I, II, and III are shown to have been recorded 2.5
seconds earlier than leads aVR, aVL, and aVF, which were
recorded 2.5 seconds earlier than leads V1, V2, and V3, which
in turn had been recorded 2.5 seconds earlier than leads V4,
V5, and V6.
As previously mentioned, asynchronous ECG lead sets can be
derived from ECG reports to simulate a situation similar to the
sequential recording of ECG leads via smartwatches. For
example, a 4-lead subset consisting of leads I, aVR, V1, and
V4 from the ECG report is completely asynchronous. According
to the Einthoven law and Goldberger equation, for the 6 limb
leads (leads I, II, III, aVR, aVL, and aVF), the remaining 4 leads
can be calculated even if only 2 leads are available [21,22].
Here, we trained/validated our AI model by randomly masking
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each lead channel and then tested our model with various target
lead sets (while masking the remaining lead channels) to
determine the optimal number of leads for sufficient diagnostic
power. The tested lead sets are specified in Multimedia
Appendix 2. For the multiple-lead sets, we included lead I in
all cases, given that lead I is the most basic lead channel that
can be measured from a smartwatch: lead I can be measured by
placing the right index finger on the crown without removing
the smartwatch from the left wrist. The lead channels in each
4-, 3-, and 2-lead set are completely asynchronous. Thus, the
lead channels included in the 4-lead sets were leads I and II
(calculated from leads aVR, aVL, and aVF) for the limb leads
and all the possible combinations of 2 precordial leads that could
be derived from the ECG report while maintaining complete
asynchrony. The lead channels included in the 3-lead sets were
leads I and lead II (calculated from leads aVR, aVL, and aVF)
for the limb leads and 1 precordial lead. The lead channels
included in the 2-lead sets were lead I and either lead II
(calculated from leads aVR, aVL, and aVF) or 1 precordial lead.
We also tested 2 single-lead cases (lead I or II).

Primary and Secondary Aims of the Study
Our primary aim was to develop an AI model for detecting acute
myocardial infarction from asynchronous ECG signals, which
outperforms the automatic ECG interpretation provided by the
GE ECG analysis program. Our secondary aim was to determine
the optimal number of leads required for sufficient diagnostic
power. Model performances were assessed using the following
statistics: area under the receiver operating characteristic curve
(AUROC), area under the precision-recall curve (AUPRC),
sensitivity, specificity, positive predictive value (PPV), and
negative predictive value (NPV).

Neural Network Architecture and Training
Figure 2 illustrates the architecture of the neural network model
used in our study. The model was divided into two phases:
encoding and self-attention.

Figure 2. Illustration of the neural network's architecture. The encoding phase encodes each lead channel with a weight-shared structure. The self-attention
phase captures the relation between each lead channel.
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Encoding Phase
The model took the input of 2.5 seconds from each 12-lead ECG
channel, which was downsampled from 500 Hz to 250 Hz. Each
lead was processed in a separate but weight-shared encoder.
Details of the architecture of the encoder are summarized in
Multimedia Appendix 3. The encoder consisted of 16 residual
blocks with 2 or three 1-dimensional convolutional neural
network (CNN) layers in each block [23]. Every CNN layer
was followed by a batch normalization layer and a ReLU
activation function. All the CNN layers had a kernel size of 7
and the “same” padding. In the first residual block, the output
of the first ReLU activation function was connected to the
block’s output via a pooling layer. In the following 15 residual
blocks, the input and output of each block were connected via
skip connection. CNN layers with a stride of 2 were applied
every 2 or 4 residual blocks. The depth (number of features) of
the CNN layers increased by a factor of 2 per 4 residual blocks.
For example, a stride described as “2,1,1” in Multimedia
Appendix 3 implies that there are 3 CNN layers in that block
and the stride of those CNN layers are 2, 1, and 1, respectively.
The “Length” and “Depth” columns in Multimedia Appendix
3 are the length and depth of the output of each block. Each
feature of the final output of the encoder was average pooled
to obtain length=1.

Self-attention Phase
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combinations can be set as target leads. The specific
combinations that we tested are specified in Multimedia
Appendix 2. After acquiring the attention matrices, we computed
the dot products of the values with attention matrices such that
the model could reflect the relation between leads. Afterward,
these outputs from all the multi-heads were concatenated and
linearly projected so that the final output dimension of the
multi-head self-attention module became 512 (the same as the
original input of the multi-head self-attention module).
We then flattened the output of lead channels before feeding
them into the classifier. The classifier had 2 layers of dense
layers, which reduced the dimension from 6144 (512 × 12) to
1, followed by a sigmoid layer that calibrated the probability
of acute myocardial infarction (ie, ) range from 0 to 1. We
split the data into training/validation (80%) and independent
hold-out test (20%) sets, and then further split the
training/validation set into training (85%) and validation (15%)
sets. For training, we used the Adam optimizer with a batch
size of 32 and a learning rate of 0.001. We also applied weight
decay and several data augmentation techniques, including
random Gaussian noise, time scaling, and signal masking, to
prevent overfitting. To tune the hyperparameters, we utilized
validation data sets with extensive experiment settings (ie, 12-,
4-, 3-, 2-, and single-lead settings). We implemented the model
using the Pytorch library.

To capture the associations among each lead channel, we utilized
a multi-head self-attention module that consisted of queries,
keys, and values. Each query, key, and value represented a single

Results

dense layer that took all output from the encoder (ie, ) [24].
We computed the dot products of the query with all keys and
applied a softmax function to obtain N×N attention matrices,
where N is the number of lead channels. During the training
phase of the model, to ensure generalization and applicability
for any lead combinations (eg, various 4-, 3-, 2-, and single-lead
sets), we randomly masked each lead channel on the attention
matrices. Meanwhile, we masked all the lead channels except
for the specific targeting leads during the inference phase. For
instance, if the target leads were I and V1, we masked all other
leads but leads I and V1 during the inference phase. Any lead

From the AUMC ECG database, we extracted 97,742 patients
aged 20 years or older with 183,982 ECGs recorded within 24
hours from each visit to the emergency room (Figure 3). After
applying the exclusion criteria, we included 76,829 patients
with 138,549 ECGs in the training and validation data set, and
19,109 patients with 34,371 ECGs in the test data set. The data
set characteristics are summarized in Table 1. The proportion
of ECGs labeled as acute myocardial infarction was 1.78% for
the training and validation data set, and 1.61% for the test data
set.

https://www.jmir.org/2021/9/e31129

XSL• FO
RenderX

Data Set Characteristics

J Med Internet Res 2021 | vol. 23 | iss. 9 | e31129 | p.393
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Han et al

Figure 3. Patient flow diagram. The patients were split into training and validation (80%) and test (20%) data sets. ECG: electrocardiogram, ICD-10:
International Classification of Diseases, Tenth Revision.

Table 1. Data set characteristics.
Characteristics

Training and validation (n=138,549)

Test (n=34,371)

Patients, n

76,829

19,109

Age (years), mean (SD)

59.00 (16.98)

59.00 (16.95)

Electrocardiographs, n

75,552

18,426

Patients, n

40,662

10,043

Electrocardiographs, n

64,097

15,945

Patients, n

36,170

9066

2465

554

Sex
Male

Female

Acute myocardial infarction, n

Model Performance
Figures 4 and 5 show the receiver operating characteristic (ROC)
and the precision-recall (PR) curves for the various target lead
sets. The dots indicate the performance of the automatic ECG
interpretations provided by the GE ECG analysis program. The
sensitivity, specificity, PPV, and NPV of the first labeling
criterion of the automatic ECG interpretation were 0.579, 0.866,
0.066, and 0.992, respectively. The corresponding values of the
second labeling criterion of the automatic ECG interpretation
were 0.765, 0.647, 0.034, and 0.996, respectively. Lead sets
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with 3 or more leads had a better performance than the automatic
interpretations: their corresponding ROC and PR curves
consistently lay above the corresponding dots of the automatic
ECG interpretations. Similarly, the single-lead sets had worse
performance than the automatic ECG interpretations: the
corresponding ROC and PR curves lead sets lay below the
corresponding dots of the automatic ECG interpretations. For
the 2-lead sets, some of the ROC and PR curves lay above and
some below the corresponding dots of the automatic ECG
interpretations, which implied that not all the 2-lead sets had a
better performance than the automatic interpretations.
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Figure 4. ROC curves for the various target lead sets. The plot on the upper left shows the average ROC curves according to the number of leads. The
solid lines depict the average ROC curves, and the shaded areas depict 1 SD of the ROC curves. The rest of the plots show the ROC curves for the 12-,
4-, 3-, 2-, and single-lead sets, respectively. In all plots, the performance of the automatic ECG interpretations is depicted as dots. AUROC: area under
the receiver operating characteristic curve; ROC: receiver operating characteristic curve.
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Figure 5. PR curves for the various target lead sets. The plot on the upper left shows the average PR curves according to the number of leads. The solid
lines depict the average PR curves, and the shaded areas depict 1 SD of the PR curves. The rest of the plots show the PR curves for the 12-, 4-, 3-, 2-,
and single-lead sets, respectively. In all plots, the performance of the automatic ECG interpretations is depicted as dots. AUPRC: area under the
precision-recall curve; PR: precision-recall.

The average AUROCs for the 12-, 4-, 3-, 2-, and single-lead
sets were 0.880, 0.858 (SD 0.008), 0.845 (SD 0.011), 0.813 (SD
0.018), and 0.768 (SD 0.001), respectively. The average
AUPRCs for the 12-, 4-, 3-, 2-, and single-lead sets were 0.314,
0.225 (SD 0.011), 0.210 (SD 0.020), 0.171 (SD 0.020), and
0.138 (SD 0.014), respectively. These values indicate that the
average AUROC and AUPRC increased as the number of leads
increased. All the comparisons of AUROCs between ROC
curves having the median AUROC from lead sets with different
numbers of leads (“12-lead set” vs “4-lead set [leads I, II, V1,
V5]” vs “3-lead set [leads I, II, V3]” vs “2-lead set [leads I,
V6]” vs “single-lead set [lead I]”) were statistically significant
at a significance level of .05, as revealed through the DeLong
test [25]. All the comparisons of AUROCs between ROC curves
having the highest AUROC from lead sets with different
numbers of leads (“12-lead set” vs “4-lead set [leads I, II, V2,
V5]” vs “3-lead set [leads I, II, V5]” vs “2-lead set [leads I,
V3]” vs “single-lead set [lead I]”) were also statistically
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significant at a significance level of .05, as revealed through
the DeLong test.
When we set the thresholds of the lead sets to match the
specificity of the first labeling criteria of the automatic ECG
interpretation (specificity=0.866), the 12-, 4-, and 3-lead sets
demonstrated an average gain in sensitivity of 13.9%, 10.2%
(SD 1.6%), and 8.5% (SD 2.7%), respectively (Table 2),
compared to the automatic ECG interpretation, while
maintaining a high NPV above 0.99. The results for the second
labeling criteria (specificity=0.647) revealed average gains in
sensitivity of 11.9%, 9.8% (SD 1.2%), and 8.1% (SD 1.5%) for
the lead sets with 12, 4, and 3 leads, respectively (Table 2),
while maintaining a high NPV above 0.99. The sensitivities of
the 2-lead sets were, on average but not consistently, slightly
higher than those of the automatic ECG interpretations when
the thresholds of the 2-lead sets were set to match the
specificities of the automatic ECG interpretations. Single-lead
sets had lower sensitivities than the automatic ECG
interpretations when the specificities were matched.
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Table 2. Average sensitivity, positive predictive value, and negative predictive value according to the number of leads when the thresholds were set
to match the specificity of the first or second labeling criteria of automatic electrocardiogram interpretation.
Sensitivity

Positive predictive value

Negative predictive value

At specificiAt specificiAt specificiAt specificity=0.866 (first la- ty=0.647 (second ty=0.866 (first la- ty=0.647 (second
beling criteria)
labeling criteria) beling criteria)
labeling criteria)

At specificiAt specificity=0.866 (first la- ty=0.647 (second
beling criteria)
labeling criteria)

Automatic electrocardiogram interpretation

0.579

0.765

0.066

0.034

0.992

0.996

12-lead set

0.718

0.884

0.081

0.039

0.995

0.997

4-lead sets, mean (SD)

0.681 (0.016)

0.863 (0.012)

0.077 (0.002)

0.039 (0.001)

0.994 (0.000)

0.997 (0.000)

3-lead sets, mean (SD)

0.664 (0.027)

0.846 (0.015)

0.075 (0.003)

0.038 (0.001)

0.994 (0.000)

0.996 (0.000)

2-lead sets, mean (SD)

0.589 (0.038)

0.794 (0.030)

0.067 (0.004)

0.036 (0.001)

0.992 (0.001)

0.995 (0.001)

Single-lead sets, mean (SD) 0.505 (0.029)

0.745 (0.001)

0.058 (0.003)

0.033 (0.000)

0.991 (0.001)

0.994 (0.000)

Discussion
Principal Findings
In this study, we developed an AI model for detecting acute
myocardial infarction by randomly masking each lead channel
during the training phase and testing the model using various
target ECG lead sets with the remaining lead channels masked.
First, we found that the performances of lead sets with 3 or more
leads compared favorably with that of the automatic ECG
interpretations provided by the GE ECG analysis program, with
a 8.1%-13.9% gain in sensitivity when the threshold was set to
match the specificity of the automatic ECG interpretations, and
with the ROC and PR curves lying above the corresponding
dots of the automatic ECG interpretations. Only some of the
2-lead sets compared favorably with the automatic ECG
interpretations. When only a single lead was evaluated, acute
myocardial infarction could be underdiagnosed; thus, useful
information from other leads could potentially be neglected.
Indeed, single-lead sets performed worse than the automatic
ECG interpretations.
Multiple-lead ECG is necessary for the accurate and robust
detection of cardiac disorders, particularly acute myocardial
infarction. Given that multiple-lead ECGs can be obtained by
smartwatches only in an asynchronous manner, our results imply
that multiple lead-based AI-enabled ECG algorithms can be
implemented on these devices. Such implementation could
facilitate timely diagnostics to enhance outcomes and reduce
mortality among cardiovascular disease populations outside the
hospital.
Second, we found that model performance generally increased
as the number of leads increased (12-lead set: AUROC 0.880;
4-lead sets: AUROC 0.858, SD 0.008; 3-lead sets: AUROC
0.845, SD 0.011; 2-lead sets: AUROC 0.813, SD 0.018;
single-lead sets: AUC 0.768, SD 0.001). With smartwatches,
measuring additional leads would only take less than a minute,
and the benefit of doing so would greatly outweigh the risk. In
an emergency situation, we suggest measuring at least 3 leads
(ie, I, II, and V5) and ideally more than 4 leads (ie, I, II, V2,
and V5) to minimize the risk of failing to detect acute
myocardial infarction occurring in a certain spatial location or
direction.
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Previous studies on automated diagnosis or classification of
multiple-lead ECGs using AI have used synchronous ECG
signals as input. The results from these studies are insufficient
for the evaluation of the feasibility of multiple lead-based
AI-enabled ECG algorithms on smartwatches since only
asynchronous ECG signals can be obtained from smartwatches.
To the best of our knowledge, our study is the first to utilize
asynchronous ECG signals for AI model development. Future
studies could aim at developing AI models with asynchronous
ECG signals for detecting cardiac disorders other than acute
myocardial infarction, such as cardiac arrhythmias or contractile
dysfunctions.
Our study has important medical and economic impacts. First,
our model can significantly reduce time to diagnosis, and
consequently reduce time to reperfusion, which is the elapsed
time between the onset of symptoms and reperfusion and is
critical to the clinical outcome of the disease [26]. The ECG is
commonly the first diagnostic test in the evaluation of
myocardial infarction, and it should be acquired as early as
practicable [27]. Traditionally, the bulky ECG equipment and
the need for a trained physician for diagnosis have required the
transfer of patients to hospitals, even in emergency situations.
This practice greatly delays time to diagnosis, which would be
most ideal if made directly in the field. With our model
implemented on smartwatches, reliable preliminary diagnosis
can be made even before contact with emergency services,
thereby greatly reducing the time from the onset of symptoms
to diagnosis. With the preliminary diagnosis already made,
patients can be promptly triaged to the most appropriate form
of treatment after accounting for geographical factors and
available facilities [26]. The final diagnosis should be made by
a trained physician after arriving at the appropriate facility, but
with the aid of our model, the time required for the entire process
can be greatly reduced. The threshold for a positive result from
our model can be altered to balance between over- and
undertriage. Second, our model has the potential to greatly
reduce mortality and the related economic burden due to acute
myocardial infarction. Untimely diagnosis or treatment results
in increased myocardial damage and mortality. The extent of
myocardial salvage is greatest if patients are reperfused in the
first 3 hours after onset of symptoms [28]. For every 30-minute
delay in coronary reperfusion, the relative 1-year mortality rate
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increases by 7.5% [29]. Our model can reduce mortality due to
acute myocardial infarction by facilitating timely diagnosis and
reperfusion. Consequently, the economic cost caused by lost
productivity from premature mortality due to acute myocardial
infarction, which is estimated to be US $40.5 billion annually
in the United States, can also be reduced [30]. Third, since our
study indicates the feasibility of multiple lead-based AI-enabled
ECG algorithms on smartwatches, it can promote the
development of AI models with asynchronous ECG signals for
detecting cardiac disorders other than acute myocardial
infarction, thus accelerating market growth in this field.

Strengths and Limitations
Our study has several strengths. First, our model only takes
ECG as input and does not require other additional clinical data.
This implies that our model is highly applicable in real-world,
real-time settings where no medical practitioners are available.
Smartwatches are the only requirement for applying our model.
Second, our model is theoretically implementable with all
smartwatches, which further strengthens our study in terms of
real-world applicability. That is, creating a mobile software app
that activates the ECG hardware, instructs the wearer on how
to measure the leads, preprocesses the measured leads to satisfy
the input conditions of our AI model (eg, resampling the ECG
to 250 Hz, snipping 2.5 seconds from each lead), and runs our
AI model, would be sufficient for real-world implementation.
We believe that with the aid of mobile app developers, such an
app would not be technically difficult to develop. We leave this
as a subject for further study. Third, we did not exclude ECGs
on the basis of waveform abnormalities. This implies that our
model is applicable regardless of ECG abnormalities, thereby
greatly enhancing the generalizability to real-world settings.
Fourth, our model was trained, validated, and tested with a very
large data set of 172,920 ECGs recorded from 95,938 patients.
A large enough data set can reduce overfitting to the training
set, thus increasing generalizability to other data sets [31,32].
Fifth, as mentioned in the Methods section, our model is
applicable to any lead combinations (eg, various 4-, 3-, 2-, and
single-lead sets). This is because we randomly masked each
lead channel on the attention matrices during the training phase.
Thus, users would be able to choose any lead combination in
accordance with their preferences or situation.
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However, our study also has some limitations. First, our labeling
method might be problematic. The diagnosis of acute myocardial
infarction does not ensure that the patient’s initial ECG in the
emergency room would show explicit signs of acute myocardial
infarction. Thus, some ECGs labeled as acute myocardial
infarction in our data set might not explicitly show signs of
acute myocardial infarction. Nevertheless, our model showed
high performance, with our 12-lead set having an AUROC of
0.880. Second, the 12-lead set is not completely asynchronous.
When grouped into 4 subsets with 3 leads in each subset, the
ECGs are asynchronous intersubset-wise, while being
synchronous intrasubset-wise. Thus, the maximum number of
leads that can compose a completely asynchronous lead set in
our study was 4. The diagnostic capacity of a model tested with
5 or more completely asynchronous lead sets needs to be
evaluated in future studies. Third, our model cannot be deemed
as a confirmatory test. The final confirmatory diagnosis should
be made by a trained physician after the patient arrives in
hospital. However, with the preliminary diagnosis made by our
model, patients can be efficiently triaged to get the most
appropriate form of treatment after accounting for geographical
factors and available facilities, even before contact with
emergency services. Finally, our model was not validated with
external data sets. In future studies, external validation should
be performed to ensure the reliability of our model in new
environments.

Conclusions
In conclusion, this study shows the feasibility of multiple
lead-based AI-enabled ECG algorithms on smartwatches for
the automated diagnosis of cardiac disorders by developing an
AI model for detecting acute myocardial infarction with
asynchronous ECG signals. We also showed that measuring at
least 3 leads, and ideally more than 4 leads, is necessary for
accurate detection. Our results show that single-lead sets lack
diagnostic performance. From our results, we look forward to
the development of other AI models that detect various cardiac
disorders using sequentially measured, asynchronous ECG leads
from smartwatches. Such models, along with our model, can
facilitate timely diagnostics to enhance outcomes and reduce
mortality among various cardiac disease populations outside
the hospital.
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Abstract
Background: A rise in the recent trend of self-managing health using consumer health technologies highlights the importance
of efficient and successful consumer health technology trials. Trials are particularly essential to support large-scale implementations
of consumer health technologies, such as smartphone-supported home tests. However, trials are generally fraught with challenges,
such as inadequate enrollment, lack of fidelity to interventions, and high dropout rates. Understanding the reasons underlying
individuals’ participation in trials can inform the design and execution of future trials of smartphone-supported home tests.
Objective: This study aims to identify the enablers of potential participants’ trial engagement for clinical trials of
smartphone-supported home tests. We use influenza home testing as our instantiation of a consumer health technology subject
to trial to investigate the dispositional and situational enablers that influenced trial engagement.
Methods: We conducted semistructured interviews with 31 trial participants using purposive sampling to facilitate demographic
diversity. The interviews included a discussion of participants’ personal characteristics and external factors that enabled their
trial engagement with a smartphone-supported home test for influenza. We performed both deductive and inductive thematic
analyses to analyze the interview transcripts and identify enabler themes.
Results: Our thematic analyses revealed a structure of dispositional and situational enablers that enhanced trial engagement.
Situationally, clinical affiliation, personal advice, promotional recruitment strategies, financial incentives, and insurance status
influenced trial engagement. In addition, digital health literacy, motivation to advance medical research, personal innovativeness,
altruism, curiosity, positive attitude, and potential to minimize doctors’ visits were identified as the dispositional enablers for
trial engagement in our study.
Conclusions: We organized the identified themes for dispositional and situational enablers of trial engagement with a
smartphone-supported home test into a research framework that can guide future research as well as the trial design and execution
of smartphone-supported home tests. We suggest several trial design and engagement strategies to enhance the financial and
scientific viability of these trials that pave the way for advancements in patient care. Furthermore, our study also offers practical
strategies to trial organizers to enhance participants’ enrollment and engagement in clinical trials of these home tests.
(J Med Internet Res 2021;23(9):e26869) doi:10.2196/26869
KEYWORDS
consumer health care technologies; CHTs; smartphone-supported home tests; Smart-HT; premarket clinical trials; trial engagement;
at-home diagnostic testing; mobile phone
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Introduction
Background
Consumer health care technologies (CHTs) that could potentially
transform the health care industry require proper assessment
and evaluation before large-scale use. In 2013, the US Food
and Drug Administration (FDA) issued guidelines named Mobile
Medical Applications Guidance for Industry and Food and Drug
Administration Staff to regulate a rapidly growing number of
mobile consumer health apps [1]. Furthermore, the FDA defined
mobile medical applications as medical devices that are mobile
apps or as an accessory to regulated medical devices that require
FDA approval [1]. Personal health information is increasingly
intertwined with clinical applications. In addition, CHTs are
increasingly being looked at as a means to support the effective
execution of home-based medical diagnostic tests [2-4] and
medical procedure preparation kits (eg, colonoscopy preparation)
[5]. As a result, an increasing number of CHTs will require
assessment and evaluation (eg, clinical and premarket trials).
Premarket trials are often an integral part of health care product
development, even when regulatory assessments are not formally
required. Developers and vendors may seek to pretest CHTs
with target users for usability, feasibility, and economic viability
[6]. Specifically, they provide ways to evaluate the CHT’s
impact on health outcomes and assess efficacy and safety before
releasing it to the general population [7]. Trials can also provide
opportunities for refinements to improve CHTs before their
availability for commercial use [8]. Overall, trial engagement
involving CHT is an interesting user behavior that deserves
more attention in research to facilitate the assessment of health
care innovations for the suitability for general use.
We define a potential trial participant as someone willing to try
the technology before it becomes available for public and
wider-scale use. Trial engagement refers to a potential trial
participant successfully completing a trial. Research generally
reports inadequate trial engagement as a significant challenge
to CHT trial success [9]. For example, potential trial participants
may perceive trial participation as a risky activity and may not
be willing to enroll [10]. In addition, potential trial participants
may determine that incentives or compensation are inadequate
compared with their perceived risk of participating in the trial
[11]. Even after enrollment, the participants’ lack of engagement
in trial activities and high dropout rates can impede trial success
[12]. In the context of CHT, studies show that inadequate
enrollment and engagement can be very costly for CHT
manufacturers and researchers involved [13-15]. By and large,
trial engagement is crucial for determining the validity,
feasibility, and success of CHT clinical trials [16-18].
Unfortunately, there is a lack of research to provide guidance
regarding people’s perceptions and attitudes toward engaging
in CHT trials. Current research that addresses engagement in
clinical trials focuses primarily on evaluating attitudes toward
traditional in-person trials of pharmaceutical interventions such
as pharmaceutical trials [19] and randomized control trials for
interventions and care processes related to serious health
conditions such as cancer [20-22], cardiovascular disease
[23,24], and lung disease [25].
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Indeed, there is a shortage of behavioral research related to trials
that evaluate engagement in CHT trials involved in the clinical
or self-care process [26]. Within the realm of CHT, health apps
offer tools, procedures, and communications to support mobile
health care practices [27,28]. Moreover, very few studies in the
medical informatics literature have explored clinical trials
involving health apps [29], and few of the existing studies aim
to identify enablers for health apps. Consumer perceptions or
beliefs about the trial attributes that influence clinical trial
engagement are known as enablers [30]. One notable exception
in the medical informatics literature includes a 2-pronged
research study, which proposed a recruitment framework for
eHealth clinical trials using cost-effective and time-efficient
trial recruitment strategies [18,31]. However, the study did not
consider the attitudes of potential trial participants toward the
trial. Another notable exception is a study that examined the
perceptions and experiences of women engaging in a digital
technology–based clinical trial in the context of physical activity
interventions [32]. The study identified critical factors that
enabled participants’ continued engagement in physical activity
after the trial period but did not investigate the enabling factors
for their trial participation. In a different study context, Cohen
et al [33] tried to understand patient compliance during 2 digital
trials involving 2 pathologies, Parkinson disease and Huntington
disease, each lasting 6 months. The study measured patient
compliance metrics, namely, daily app-based medication
reporting during the 6-month trials; however, it did not attempt
to understand the factors that enabled participants’ trial
engagement.
Identifying engagement enablers can inform future trial design
and execution, thereby enhancing the scientific and financial
feasibility of CHT trials. Among the increasing technological
capabilities associated with CHT innovation is using a
smartphone to support home-based diagnostic tests, referred to
as smartphone-supported home tests (Smart-HT). This study
focuses on trial engagement in the context of CHT used for
home-based diagnostics or Smart-HT (ie, diagnostic tests that
a user can carry out with the support of a smartphone) [34-37].
Smart-HT usually requires FDA approval and has growing
market potential and patient interest. Smart-HT comprises a
diagnostic testing kit and a software component (eg, a mobile
app providing one or more of the following features:
instructions, education about the test or health situation, an
indication of results, and results messaging). The user is required
to simultaneously perform the necessary physical procedures
to complete the test and understand the software component to
use Smart-HT to achieve the desired outcome—diagnosis and
enablement for the next steps in care.
The growing interest in at-home diagnostics, combined with
their potential implications for future pandemic preparedness,
merits the focused study of Smart-HT. The at-home diagnostic
market is predicted to value >US $6 billion by the end of 2027;
the market is anticipated to have a compound annual growth
rate of 3.98% during the forecast period of 2020 and 2027 [38].
A recent survey (the 2018 Deloitte Center for Health Solutions)
indicated that most people are interested in engaging with new
care channels, such as at-home diagnostic testing. Overall, 51%
of respondents reported being comfortable using at-home tests
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for their current health concerns and identifying potential future
health issues. Furthermore, 44% of respondents reported being
comfortable using mobile apps connected to at-home diagnostic
tests to track and monitor their health trends [39].

Objective
The purpose of this study is to identify the enablers of potential
participants’ trial engagement in clinical trials of CHT, in
particular, Smart-HT trials. We use flu@home, a Smart-HT in
trial that comprises a test kit and a mobile app to facilitate
home-based testing for the diagnosis of influenza, as our
instantiation of CHT to address the following research question:
What enablers influence trial engagement for Smart-HT?
The paper is structured as follows. First, we discuss the
Smart-HT context of the study (flu@home pilot) used to inform
the enablers of Smart-HT trial engagement. We provide details
on the interview phase of the pilot, where qualitative data were
collected and analyzed to inform the results of this study.
Second, we present our results in the form of a Smart-HT trial
engagement research framework based on our evidence and
provide a discussion of the identified enablers for Smart-HT
trial engagement. Finally, we discuss the implications of this
study for trial organizers and researchers.

Methods
Smart-HT Context: flu@home
This study leverages the context of influenza (or flu) using an
instantiation of Smart-HT called flu@home, which has the
potential to allow individuals to self-diagnose influenza.

Dharanikota et al
Influenza, a contagious respiratory infection caused by influenza
viruses, is a serious global health threat with an estimated 1
billion cases each year, of which 18% of people die worldwide
[40]. Influenza imposes a substantial economic burden, including
health care costs and productivity losses, accounting for US
$87 billion in the United States alone [41]. Infectious diseases,
including influenza, call attention to the need for speedy
diagnosis and patient treatment or isolation [3]. In addition, the
drugs available for treating influenza are most effective when
used within 48 hours of identifying symptoms [42]. Smart-HT
offers an expedient and effective way of diagnosing influenza
at home without exposing others to the virus (eg, at a
physicians’s office).
The Smart-HT in this study, flu@home, comprises two
components: a test kit (adapted from the Quidel QuickVue
Influenza A+B test) and a mobile app to facilitate testing (Figure
1). The at-home rapid diagnostic testing kit includes materials
for an individual to self-test for influenza using a low nasal
swab. The testing involves taking a sample from inside one’s
nose and processing it using a lateral flow assay (Quidel
Corporation). The mobile app was available for participants to
download on the iOS platform for use on smartphones and
tablets. Multimedia Appendix 1 contains detailed information
about the technical details associated with the flu@home mobile
app.
The flu@home pilot study included two phases: the comparative
accuracy phase and the interview phase (Figure 2). The study
design was approved by the University of Washington
institutional review board STUDY00007627.

Figure 1. Screenshots of flu@home app.
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Figure 2. Phases of flu@home pilot study.

During the comparative accuracy phase, participants engaged
with flu@home. The inclusion criteria for the comparative
accuracy phase of the flu@home pilot study involved eligible
participants who were aged ≥18 years, spoke English, had an
iPhone or iPad, and had an influenza-like illness, defined as the
presence of a cough and at least one or more of the following
symptoms: fever, chills or sweats, muscle or body aches, or
feeling tired or more tired than usual. Two videos were provided
to participants as part of this study: one for recruitment purposes
(study overview) and the other for providing step-by-step
instructions to engage in the trial (Multimedia Appendices 2
and 3 contain the videos). Trial participants (N=739) completed
the following workflow: (1) downloaded the flu@home app to
enroll in the trial and order a test kit, (2) completed the consent
form and a survey about their symptoms and exposure risk, (3)
received a test kit by mail and followed the app instructions to
conduct the rapid diagnostic test, and (4) shipped a second nasal
swab sample to the research laboratory for reference standard
testing. Of the 739 individuals who participated in the
comparative accuracy phase of the flu@home trial, 97.9%
(724/739) trial participants consented to be contacted for further
phases of research.
During the interview phase, we conducted semistructured
interviews with a sample of individuals who completed the
comparative accuracy phase. We used phenomenology to guide
this phase to construct a rich understanding of participants’
experiences with flu@home and identify the enablers of
Smart-HT trial engagement [43]. Phenomenology, described
as the science of phenomena, explores human experience to
elicit meanings for individuals through the analysis of their
experiences and perceptions [44]. In line with this paradigm,
we conducted in-depth interviews that covered experiences and
perception questions related to (1) personal characteristics that
enabled participants to complete flu@home trials; (2) attitudes
toward health and medical research; (3) perceptions toward
flu@home, mobile apps, and the overall trial; and (4) factors
that enabled their Smart-HT trial engagement.
To fulfill the purposes of this study, we reported results from
the interview phase related to understanding the enablers of
potential participants’ Smart-HT trial engagement. In the
following sections, we further describe the data collection and
data analysis procedures pertinent to the interview phase.
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Data Collection
To meet the eligibility (inclusion) criteria for the interviews,
individuals must have participated in the comparative accuracy
phase of the pilot and consented in the flu@home app to be
contacted for future study efforts. However, participation in the
interview phase was not dependent on individuals completing
the final steps in the flu@home workflow (ie, it is possible that
some participants never mailed their sample to the laboratory;
however, they would still be eligible if they opted in for future
contact in the app). The flu@home test results were deidentified,
so we were unable to determine how many eligible participants
may not have performed the final step of mailing back their test
results for analysis.
We consulted the literature to determine the total number of
participants for the interviews. Data saturation, the point at
which additional data collection no longer generates a new
understanding [45], is the most common guiding principle for
determining the total number of participants in qualitative
research [46]. Prior interview study designs reached saturation
in as few as 10-40 interviews [47-52]. In considering precedence
and study design, we determined a minimum of 20 trial
participants to be an adequate and appropriate target number of
interviews.
Participants were invited to participate in the interviews via
email and offered a US $25 gift card for completing the
interview. To ensure diversity in the interviewee sample, we
recruited participants in three waves. We followed purposive
sampling to maintain diversity in the representation of trial
participants in terms of age, race, and geographic location. First,
we sorted the trial participants into age groups (18-24 years,
25-34 years, 35-44 years, 45-64 years, and ≥65 years) and
randomly selected participants from each age group to send
interview invitations. In the two subsequent waves of
recruitment, we adjusted the proportion of participants recruited
from each age group to ensure sample representation from all
age groups. Attempts to fulfill purposeful sampling resulted in
115 invitations to participate and 31 actual interviews. Table 1
details the demographics of the trial participants who were
invited and interviewed for the study.
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Table 1. Demographics of interview participants in the study.
Characteristics

Invited to participate in study

Completed the interview

Total, n (%)

115 (100)

31 (100)

18-24

12 (10.4)

3 (10)

25-34

34 (29.6)

6 (19)

35-44

38 (33)

11 (36)

45-64

21 (18.3)

8 (26)

≥65

10 (8.7)

3 (10)

White individuals

78 (67.8)

21 (68)

Black or African American

10 (8.7)

6 (19)

Asian

8 (7)

0 (0)

Native Hawaiian or Other Pacific Islander

1 (0.9)

1 (3)

American Indian or Alaska Native

16 (13.9)

1 (3)

2 (1.7)

2 (6)

West

43 (37.4)

14 (45)

Midwest

21 (18.3)

5 (16)

Southwest

2 (1.7)

1 (3)

Northeast

32 (27.8)

4 (13)

Southeast

17 (14.8)

7 (23)

Age (years), n (%)

Ethnicity, n (%)

a

N/A , other, or prefer not to say
Geographic representation, n (%)

a

N/A: not applicable.

Semistructured interviews were conducted via the web-based
video conferencing tool Zoom from August 12, 2019, to
December 19, 2019. Zoom has been an effective means of data
collection in various health-related studies [53]. Participants
had the option of being on or off camera. Each interview lasted
between 40 and 60 minutes. Of the 3 research team members
(in a rotating fashion), 2 were present during the interviews,
providing direct experience with the actual interviews to the 3
team members subsequently engaged in the analysis process.
Of the 2 team members participating in the interview, 1 served
as the lead interviewer, whereas the other served the role of
active listener and notetaker. The active listener was invited to
ask any follow-up questions needed for clarification during the
interview. The 3 team members alternated in serving the primary
interviewer and listener roles for each interview. The 2 team
members participating in the interview debriefed immediately
after each interview to review highlights relevant to the study,
establishing early key points to consider for coding purposes.
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Interviews were recorded and transcribed, and all personal
identifiers were removed before analysis. We uploaded
deidentified interview transcripts to Dedoose version 7.0.23, a
software for qualitative data analysis.

Data Analysis
We conducted a thematic analysis [54] to code the deidentified
transcripts. Thematic analysis is defined as a method for
identifying, analyzing, organizing, describing, and reporting
themes within a data set [55]. To ensure the validity and
reliability of the thematic analysis results, we followed the
Lincoln and Guba [50] criteria for conducting qualitative
research. Specifically, we established confirmability,
dependability, and credibility through procedures such as
researcher triangulation, code reviews, expert feedback, and
resolution meetings [50,56]. We took a hybrid approach to
thematic analysis by including both deductive and inductive
coding [57]. Figure 3 illustrates this process.
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Figure 3. The qualitative thematic analysis process that guided the deductive and inductive coding of the interview transcripts. Smart-HT:
smartphone-supported home tests.

We developed the a priori coding schema based on widely used
behavioral frameworks that explain an individual’s behaviors
and actions [58-61] and categorized the factors into dispositional
and situational enablers. Specifically, we relied on attribution
theory, the digital health engagement model proposed by
O’Connor et al [61], and the technology acceptance model [60]
to identify generalized enabler constructs that align with our
context to include in our a priori coding schema. On the basis
of this foundation, our resulting a priori coding schema
recognized the possibility of personal, perceptional, and
situational factors. Situational enablers referred to external
events or environmental factors that contributed to participants’
Smart-HT trial engagement [58,59]. Personal enablers related
to an individual’s abilities, traits, and beliefs, whereas

perceptional enablers referred to their perceptions that enabled
their Smart-HT trial engagement. To further refine our schema
and acknowledge relationships in existing research, we decided
to group the personal and perceptional enablers we find in the
data as dispositional.
Dispositional enablers referred to trial participants’ behaviors
and perceptions, whereas situational enablers were independent
of participants' behavior. We used the skeletal a priori coding
schema (Figure 4) as a starting point for the thematic analysis.
Using the schema facilitated an initial, agreed-upon conceptual
basis for the research team to begin analysis and then determine
the operational definitions for each identified variable based on
the schema [62,63].

Figure 4. A priori coding schema for thematic analysis. Smart-HT: smartphone-supported home tests.

We started our thematic analysis with a deductive approach
[57]. During this analysis step, 2 of our team members
independently coded the interview transcripts using the a priori
coding schema (Figure 4). We were also open to additional
high-level constructs emerging from our study that would extend
the a priori schema. To capture key content within each a priori
theme (ie, parent code), we extended and enriched the a priori
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schema codes (ie, parent codes) with inductively identified
subcodes (ie, child codes). Explicitly, as we encountered new
content during the coding process, we updated our coding
schema with additional subcodes to further define the general
themes in the a priori schema to the Smart-HT context. These
practices further defined and specified associated constructs in

J Med Internet Res 2021 | vol. 23 | iss. 9 | e26869 | p.407
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
the a priori coding schema and continued until thematic
saturation of the Smart-HT trial enablers was reached.
We used the constant comparison method of analysis [63,64]
to refine and triangulate the coding. The constant comparison
procedure included 2 coders and an internal auditor serving. A
research team member with >17 years of qualitative research
methods expertise, familiar with the study constructs and context
but not engaged in the detailed coding process, served as our
internal auditor to ensure expertise, understanding, and
independence from the specific assignment of quotes to codes
and initial code labels. The team held recurring meetings to
compare initial coding determinations to ensure agreement on
high-level codes and ratify the addition of subcodes (child codes)
supporting the constructs in the initial coding schema. The team
also refined the code labeling (names of codes) as needed to
ensure understandable terms and themes. The ratification of
subcodes included a general review of supporting quotes to
support discussion points.
Although various studies finalize coding on this consensus [65],
we chose to extend our rigor to support our findings further.
Specifically, as a final step, our internal auditor also reviewed
the holistic structure, labeling, and syntax of the final reconciled
schema and performed a code review of 100% of the coded
quotes to ensure alignment with the final coding structure. Any
identified issues were brought back to the collective team for
final disposition. As noted in prior literature, a feedback process,
such as this internal audit process, can serve as a crucial reader
resonation strategy to further enhance the validity of qualitative
findings [66].
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There were no noted major conceptual differences in the
constant comparison and final internal review process.
Reconciliation and arbitration were primarily focused on
combining some subcodes or refining the labels and definitions
of added codes. In particular, the team sought to refine the
labels, where appropriate, to terms used in generally related
research. In completing the process, there were no exceptions
to reaching consensus, and, thus, code reviews and resolution
meetings established the confirmability and dependability of
the findings. We present our results as a research framework
for enablers of Smart-HT trial engagement in the following
section.

Results
Overview of Results
We synthesized our results into a research framework (Figure
5) that presents pertinent dispositional and situational enablers
for Smart-HT trial engagement. This section details our thematic
analysis findings under each of the broader enabler themes
(dispositional and situational). We include evidence trace tables
providing a representative participant quote to demonstrate the
study’s identified themes, as found in the data in Multimedia
Appendix 4. Tables S1, S2, and S3 provided in Multimedia
Appendix 4 present the evidence trace table for personal enablers
and perceptional and situational enablers, respectively. The
research team collectively selected the quotes from the multiple
options coded as both a good conceptual fit and easy for the
reader to understand outside of providing extensive interview
text and context.

Figure 5. Evidence-based smartphone-supported home tests trial engagement research framework. Smart-HT: smartphone-supported home tests.

Dispositional Enablers
Our results supported characterizing dispositional enablers into
personal and perceptional.
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Personal Enablers
Our results identified the following personal enablers for
Smart-HT trial engagement: digital health literacy, motivation
to advance medical research, innovativeness, curiosity, and
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altruism. Table S1 in Multimedia Appendix 4 presents the
evidence trace table for personal enablers identified in the study.
In general, the interviewees in this study were digital health
literate. Interviewees commonly expressed their ability to seek,
find, understand, and apply health information from a wide
range of web-based sources such as Google, health care
websites, and WebMD, among others. Moreover, some
interviewees even noted their familiarity with using wearables
(eg, Apple Watch) and telemedicine for taking care of their
health, which evidenced their adequate degree of digital health
literacy.
Our inductive thematic analysis emphasized motivation to
advance medical research as a prominent enabling factor in
trial engagement for Smart-HT. The data revealed that
participants hoped that their feedback after the flu@home trial
might benefit vaccine development in the future. An interviewee
explained that offering feedback and data that further medical
research is vital for the greater good.
Remarkably, nearly all the interview participants acknowledged
that they were inherently innovative. Their perception of
Smart-HT as an innovative and transformative technology
seemingly encouraged them to engage in the trial. Our analysis
further identified curiosity in a relatively new technology (ie,
a Smart-HT) as a personal enabler for individuals to engage in
the trial. In addition to being curious about the trial and
technology, interviewees indicated how their altruistic notions
encouraged them to participate in the trial.

Perceptual Enablers (Toward Smart-HT Trial)
Our analysis revealed the importance of trial participants’
perceptions of Smart-HT in their trial engagement for Smart-HT.
The perceptual enablers identified in the study (Table S2 in
Multimedia Appendix 4) include ease of use, usefulness, positive
attitude, and potential to minimize physician visits.
The interviewees perceived the overall Smart-HT trial to be
easy to follow and self-explanatory. For example, many
described their use of nasal swabs to self-test for influenza as
an easy process. Participants also stressed how the test kit
packaging with vials to hold to swabs made the whole Smart-HT
trial engagement process simpler. Interviewees also commented
on the mobile app’s interface that guided them with the
instructions required to complete the trial as not complicated
and that it served the intended purpose.
In addition, the perceived usefulness of the Smart-HT and the
value of their participation in advancing research seemed to
have encouraged interviewees’ Smart-HT trial engagement.
Interviewees perceived their trial engagement with flu@home
as a useful exercise contributing to public health management
in enhancing the Smart-HT functionalities for large-scale
commercial use. Participants also indicated that flu@home was
useful in reducing the spread of disease in the future.
Overall, the interviewees cited a positive attitude toward
home-based testing and their trial engagement for the Smart-HT
(positive trial attitude). Many expressed optimism toward
Smart-HT and found it to be a promising and innovative
technology with potential uses. Excitement at being offered to
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be a part of the Smart-HT trial was also a common theme among
the interviews. Several interviewees reported their interest in
engaging in a trial for a promising Smart-HT that could
minimize traditional physician's visits for illness diagnosis. In
addition, most interviewees explained how getting a physician’s
appointment when most needed could be a hassle that they
would readily forego for a Smart-HT.

Situational Enablers
Situational enablers referred to external events or environmental
features that enabled trial engagement for the Smart-HT. Our
analysis revealed clinical affiliation, personal advice, promotion
strategies, financial incentives, and insurance status as situational
enablers for Smart-HT trial engagement. We present a
representative quote for each of the situational enablers
identified in this study (Table S3 in Multimedia Appendix 4).
Clinical affiliations of the health care entities associated with
the trial prominently influenced interviewees’ willingness to
engage in the Smart-HT trial. Several interviewees explained
that the reputable institutions associated with flu@home’s
development and the trial execution enhanced their perceived
trust in the trial, which resulted in their trial engagement.
Furthermore, interviewees expressed their propensity to trust
personal advice or recommendations from friends and family
members to participate in these Smart-HT trials. A few
interviewees shared details about who recommended them to
the Smart-HT study. The list of personal recommenders
identified included friends, spouses, and family members.
Considering the voluntary nature of trial participation, we
identified the salience of effective promotion and recruitment
strategies in enabling individuals’ engagement in the Smart-HT
trial. Interviewees detailed how they found out about the
Smart-HT study on the web and described how web-based
advertising could be a helpful recruitment mode. In addition,
the interviewees offered meaningful insights into preferred
future web-based recruitment and promotion strategies. From
our analysis, social media emerged as a popular recruitment
pathway to achieve the desired trial participation. The data also
included references to a web-based forum or an email list where
people could volunteer for these trials.
The financial incentive that was offered in the form of a gift
card provided by the research study at completion notably
incentivized and compensated the participants to engage in the
Smart-HT trial. An interviewee also emphasized how lack of
insurance coupled with symptoms and incentives encouraged
Smart-HT trial engagement.

Discussion
Overview
In this qualitative study, we explored the enablers of trial
engagement with a home-based diagnostic supported by a CHT,
referred to as Smart-HT. We identified dispositional and
situational enablers of Smart-HT trial engagement that can
inform future Smart-HT trial design and execution. In the
following sections, we discuss these enablers, along with
recommendations for trial organizers and researchers.
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In reviewing the following discussion of enablers, it is worth
considering that many CHTs in various health care contexts
involve a software component and are rooted in a traditional
health care service offering. Additional forms of CHTs may
elicit similar trial engagement responses as those who responded
to the Smart-HT context. Therefore, it is plausible that the
identified Smart-HT dispositional and situational enablers we
discuss may apply to a majority of CHT trials, in general, and
merit testing in other CHT contexts.

Dispositional Enablers
Personal Enablers
With clinical trials facing challenges in the form of low retention
and high dropout rates of trial participants, our results point to
the need for increased attention on personal enablers in future
Smart-HT trial recruitment efforts. In alignment with prior
studies on digital health technologies [67,68], individuals with
digital health literacy (eg, prior experience with digital health
tools) generally tended to have a positive experience with
Smart-HT. In our study, individuals generally reported to be
digitally health literate and did not encounter any major issues
during the Smart-HT trial. Experience with accessing health
care on the web seemed to have enabled participants to engage
with Smart-HT in the trial. Digital health literacy of potential
trial participants could inform their Smart-HT trial engagement
behaviors. Therefore, as part of the participant recruitment
efforts, trial organizers may want to develop screening criteria
to recruit individuals with proficient digital health literacy
among the target appropriate populations. To reach those with
no relevant digital health tool experience, we suggest that the
trial organizers offer appropriate training and general promotion
concerning Smart-HT use to enhance Smart-HT trial
engagement.
Smart-HT trial engagement was also enabled by the trial
participants’ willingness to play a role in advancing medical
research. These results are in line with a survey conducted on
public perceptions in the United States toward clinical trials in
which 86% of the sample noted that they would participate in
clinical trials for advancing scientific research [69]. In the future,
researchers should make use of appropriate advertising channels
to communicate the potential value of the Smart-HT trial in
advancing medical research to prospective trial participants. An
increase in the perceived value of the trial might further motivate
prospective participants’ Smart-HT trial engagement intentions.
Personal attributes, such as inherent innovativeness, curiosity,
and altruistic notions, enabled participants' Smart-HT trial
engagement. These findings offer practical implications for
Smart-HT trial designers and trial organizing entities, as they
inform successful trial participant recruitment in future trials.
For instance, researchers in future trials could extend a short
survey as part of the screening criteria to measure personal
innovativeness [70] and curiosity [71] as part of the Smart-HT
trial recruitment processes. Potential trial participants who are
relatively more innovative and curious about the Smart-HT (in
the trial) could then be screened, thereby enhancing the
Smart-HT trial engagement and success. We also propound that
future trial designers could highlight their choice of individuals
who explore and are curious about new technologies in their
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recruitment campaigns. For instance, clear recruitment messages
such as “Do you want to try a new and transformational
healthcare technology?” and “Are you interested in contributing
to your community” could further encourage potential trial
participants’ Smart-HT trial engagement.

Perceptual Enablers (Toward Smart-HT Trial)
The successful design of the accompanying mobile app enabled
the overall success of the Smart-HT trial. The mobile app
instructions were perceived to be self-explanatory and easy to
use and enabled the participants’ Smart-HT trial engagement.
Easily understood and navigable mobile app interfaces with
clear and step-by-step instructions (which in this case included
videos) are critical to ensuring that trial participants complete
the trial successfully and do not withdraw from the study
because of frustration with the test procedures or technology.
This finding further strengthens this study's contribution as it
points to the potential of Smart-HT. Namely, the addition of a
technology component to a trial or even an existing home
diagnostic test to comprise a Smart-HT has the potential to
alleviate some of the concerns of errors or process
misunderstanding surrounding home diagnostic self-testing in
the absence of clinical supervision. The addition of technology
to facilitate procedural success can further inform future trials.
Future researchers could examine whether trials involving tests
and home-based preparation procedures (eg, blood test)
combined with the easy-to-use app would have better trial
engagement outcomes than trials involving diagnostic tests
accompanied by no apps or complicated apps.
Our findings suggest a few considerations regarding the specific
design of apps to support trial procedures. First, trial mobile
app developers could ensure that the trial’s aims and objectives
are adequately communicated through the app pages to enhance
the Smart-HT trial engagement. Second, the app should contain
a frequently asked questions section that addresses the common
concerns or risks surrounding the trial. Third, the app should
provide an option to call a research coordinator to answer any
questions that may arise during the trial. Fourth, interactive
videos demonstrating the step-by-step study procedures (eg,
nasal swab process) may stimulate and inspire potential trial
participants to engage. All these design elements may reduce
trial drop-off.
In line with our findings, prior research on the trialability of
new technologies has shown that a positive attitude [72,73]
toward the technology can ease concerns surrounding a trial of
relatively new technology like Smart-HT. Removing this
concern eliminates a barrier to motivating individuals to engage
with Smart-HT. Furthermore, Smart-HT trial engagement was
perceived to contribute to public health management in our
study. These findings have significant implications for trial
organizers and mobile app developers who could highlight how
a specific trial could advance and benefit public health in
addition to advancing medical research. Consequently, educating
potential trial participants about positive trial consequences may
manifest in a positive attitude toward the Smart-HT and the
overall trial, encouraging the Smart-HT trial engagement.
Another interesting perceptional enabler theme that emerged
from our analysis was the perceived potential of the Smart-HT
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to minimize a physician’s visit. Smart-HT offers a fundamental
change from traditional health care encounters for diagnostic
testing. The potential role of Smart-HT in reducing the need to
seek face-to-face appointments encouraged the interviewees to
engage in the trial. Therefore, Smart-HT trial engagement may
be enhanced if potential trial participants are convinced that the
Smart-HT is transformational and offers solutions to the existing
problems they face in the health care system (eg, access to
testing and getting physician’s appointments). Researchers in
future trials should inform potential trial participants about the
possible innovations and improvements that may be solved by
the Smart-HT in trial.

Situational Enablers
Awareness of the trial’s clinical affiliations enabled Smart-HT
trial engagement in our study. The brand reputation associated
with these health care and research institutions encouraged
potential participants to trust the trial as legitimate and, thus,
influenced their trial engagement. These findings are in line
with a survey conducted on the perceptions toward clinical trials
[69]. For example, 38% of the nationwide sample cited a lack
of trust in trials as one of the primary reasons for not considering
clinical trial participation. In addition, 91% of the same sample
said that the competence and reputation of the trial conducting
institutions play an essential role in their decision to participate
in a trial. These findings could potentially inform future trial
designers and mobile app developers. For example, future
recruitment strategies could include detailed descriptions of the
trial organizing institutions’ previous research breakthroughs
and research quality (in terms of patents or publications) that
could persuade potential trial participants to perceive the trial
as legitimate and to engage in it.
Most of the trial participants heard about the Smart-HT trial in
our study from social media. Our analysis affirmed that
web-based advertising and recruitment strategies could be
effective modes of potential participant recruitment. Web-based
medical forums where potential trial participants could volunteer
to engage in an advertised trial could offer a potential future
mode of participant recruitment for Smart-HT trials. Sending
Smart-HT trial invitations using emails to a list of potential trial
participants could also enable the Smart-HT trial engagement.
Therefore, Smart-HT trial organizers should dedicate significant
efforts toward web-based recruitment using available channels
such as web-based medical forums, email lists, health care blogs,
and social media [74,75].
Personal recommendations to engage in the Smart-HT trial (in
the form of referrals from friends and family) and the financial
incentive offered for participating in the trial seemed to have
motivated some interviewees’ engagement. In the future, mobile
app developers could add a functionality, allowing one to invite
others to sign up for the trial through the app itself. Many
interviewees affirmed financial incentives as a critical factor
that influenced their Smart-HT trial engagement. Although
considering the perceived criticality of financial incentives,
there may be value in offering additional incentives for referring
other potential participants to the Smart-HT trial. Referral
promotions could solve the issues of inadequate participant
enrollment and retention rates.
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Some participants attributed their trial engagement for the
Smart-HT to their lack of health insurance. This study highlights
the opportunity to engage participants in Smart-HT clinical
trials to improve their access to needed health care. We also
identified practical issues for trial designers in terms of trial
advertising and recruitment efforts. One of the interviewees
explained how the absence of trial participation costs encouraged
her to enroll in the Smart-HT trial. Therefore, emphasizing that
the Smart-HT trial is free and does not require health insurance
in the advertisements and recruitment messages may increase
engagement. These techniques could draw the attention of
potential trial participants who may assume that they are
ineligible for trial as they lack health insurance. Simultaneously,
we caution the Smart-HT trial organizers that it would be
unethical to coerce potential trial participants to sign up for a
clinical study they would otherwise be reluctant to do.
Overall, our evidence-based research framework (Figure 5)
highlights the cruciality of the trial participants’ personalities,
beliefs, and perceptions as drivers of their Smart-HT trial
engagement. Our analysis and the resulting framework may
help Smart-HT researchers and trial organizers gain valuable
insight into the phenomenon of trial engagement. We also
encourage future research studies that extend our framework
by examining the relative significance of the enablers presented
using quantitative research methods.

Limitations
We focused on one example of CHT, Smart-HT, an instantiation
of flu@home to identify the dispositional and situational
enablers of trial engagement in our study. Although we feel that
our results may carry to other CHT trial situations, we did not
test other CHT contexts. Therefore, this choice may limit the
generalizability of the study’s findings. Specifically, trial
participants for CHTs that differ from Smart-HT may elicit a
different or an extended set of their trial engagement enablers.
Although we expect most of the identified dispositional enablers
to influence trial engagement for other CHTs and Smart-HTs,
there could be additional situational enablers relevant to the
functionality and context of the specific technology used. We
encourage future research to investigate and enrich the
framework in other contexts such as mobile health apps and
Smart-HT for other health conditions and clinical trials. Our
study focuses on offering an evidence-based Smart-HT trial
engagement framework for Smart-HT that requires FDA
approval. Future research is required to investigate the enablers
for trial engagement for other health and wellness technologies
that may not formally require FDA approval or undergo approval
through different FDA routes for devices. The need for approval
and situation influences resulting in social desirability response
bias might have minimally influenced the qualitative study’s
findings [76]. We encourage future studies to empirically test
and extend our evidence-based Smart-HT trial engagement
framework using quantitative research methods such as surveys.

Conclusions
Premarket clinical trials play a crucial role in evaluating and
assessing medical devices and technologies for effectiveness
and safety before their approval and release to the general
population. However, inadequate trial engagement remains an
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issue that leads to failure in CHT trials. In the field of CHT,
there is a dearth of research exploring the factors leading to
CHT trial engagement. This exploratory qualitative study reports
enablers of trial engagement for Smart-HT, a promising form
of CHT, using an instantiation to diagnose influenza, namely,
flu@home.
Our study adds to the understanding of people’s perceptions
toward Smart-HT trials by delineating an organized series of
enablers that can impact the decision to participate in a
Smart-HT trial. Clarification on these dispositional and
situational enablers contributes to behavioral research associated
with Smart-HT trials and can inform future Smart-HT trial
design and engagement strategies. In addition, our study offers
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practical implications for trial organizers in the form of trial
promotional and recruitment efforts. An important example is
developing screening criteria to recruit innovative, curious, and
altruistic individuals with proficient digital health literacy among
the target population. Our study also confirms the benefit of
creating relevant promotion materials that showcase Smart-HT’s
usefulness, ease of use, benefits, trial organizer’s reputation and
clinical affiliations, the trial’s role in advancing medical
research, and finally, Smart-HT’s role in solving existing health
care issues. Understanding and accounting for a series of internal
and external enablers when targeting potential trial participants
can address the issue of inadequate Smart-HT trial engagement,
thereby leading to effective evaluation of health technologies
and timely release of them to the general population.
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Abstract
Background: The standard of care in general wards includes periodic manual measurements, with the data entered into
track-and-trigger charts, either on paper or electronically. Wearable devices may support health care staff, improve patient safety,
and promote early deterioration detection in the interval between periodic measurements. However, regulatory standards for
ambulatory cardiac monitors estimating heart rate (HR) and respiratory rate (RR) do not specify performance criteria during
patient movement or clinical conditions in which the patient’s oxygen saturation varies. Therefore, further validation is required
before clinical implementation and deployment of any wearable system that provides continuous vital sign measurements.
Objective: The objective of this study is to determine the agreement between a chest-worn patch (VitalPatch) and a gold standard
reference device for HR and RR measurements during movement and gradual desaturation (modeling a hypoxic episode) in a
controlled environment.
Methods: After the VitalPatch and gold standard devices (Philips MX450) were applied, participants performed different
movements in seven consecutive stages: at rest, sit-to-stand, tapping, rubbing, drinking, turning pages, and using a tablet. Hypoxia
was then induced, and the participants’ oxygen saturation gradually reduced to 80% in a controlled environment. The primary
outcome measure was accuracy, defined as the mean absolute error (MAE) of the VitalPatch estimates when compared with HR
and RR gold standards (3-lead electrocardiography and capnography, respectively). We defined these as clinically acceptable if
the rates were within 5 beats per minute for HR and 3 respirations per minute (rpm) for RR.
Results: Complete data sets were acquired for 29 participants. In the movement phase, the HR estimates were within prespecified
limits for all movements. For RR, estimates were also within the acceptable range, with the exception of the sit-to-stand and
turning page movements, showing an MAE of 3.05 (95% CI 2.48-3.58) rpm and 3.45 (95% CI 2.71-4.11) rpm, respectively. For
the hypoxia phase, both HR and RR estimates were within limits, with an overall MAE of 0.72 (95% CI 0.66-0.78) beats per
minute and 1.89 (95% CI 1.75-2.03) rpm, respectively. There were no significant differences in the accuracy of HR and RR
estimations between normoxia (≥90%), mild (89.9%-85%), and severe hypoxia (<85%).
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Conclusions: The VitalPatch was highly accurate throughout both the movement and hypoxia phases of the study, except for
RR estimation during the two types of movements. This study demonstrated that VitalPatch can be safely tested in clinical
environments to support earlier detection of cardiorespiratory deterioration.
Trial Registration: ISRCTN Registry ISRCTN61535692; https://www.isrctn.com/ISRCTN61535692
(J Med Internet Res 2021;23(9):e27547) doi:10.2196/27547
KEYWORDS
clinical validation; chest patch; vital signs; remote monitoring; wearable; heart rate; respiratory rate

Introduction
Background
Failure to recognize and act on physiological indicators of
deterioration in hospital wards is a well-recognized problem
[1-3]. Current practice involves manual measurement of vital
signs and the use of early warning scores. However, the
acquisition of these measurements can be time consuming for
health professionals in a busy ward [4]; therefore, the desired
monitoring frequency of observations is often not achieved [5].
This is identified as a limitation of periodic monitoring systems,
as they are dependent on the frequency of vital sign observations
[6]; of more concern is that even when the ideal frequency is
achieved, patients might deteriorate between observation sets
[7]. Continuous vital sign monitoring using wearable devices
may overcome these limitations and improve timely detection
of deterioration [8-10]. However, recent observational studies
and pilot randomized controlled trials of wearable monitoring
devices were inconclusive, and large randomized clinical trials
of ambulatory monitoring devices are required to demonstrate
improved patient outcomes [1,8,11,12]. This may be because
of limitations in currently available ambulatory monitoring

devices; for instance, it has been demonstrated that the detection
and reduction of noise and artifacts during movement can be
challenging in this type of monitoring [13]. Therefore, there is
a need for diagnostic accuracy studies addressing motion
artifacts to support the development of reliable wearable devices
[3,9,14,15].
The VitalPatch [16] is a wireless, battery-operated chest-worn
wearable biosensor that records heart rate (HR),
electrocardiography (ECG), HR variability, R-R interval (the
time elapsed between two successive R-waves of the QRS signal
on the electrocardiogram), respiratory rate (RR), body
temperature, skin temperature, fall detection, activity (including
step count), and posture (body position relative to gravity
including fall detection) [17,18]. This device (Figure 1) was
well tolerated by users because of its wearability and low impact
on activities [19,20]. However, validation studies regarding the
VitalPatch showed mixed results [3]; for HR, the mean bias
was within acceptable ranges for all validation studies
[14,18,21-23] and within acceptable limits of agreement (LoA)
in 3 studies [18,21,22]. For RR, the mean bias was also
acceptable; however, all studies reported LoA outside of the
clinically acceptable range [14,18,21-23].

Figure 1. Picture of a VitalPatch device.
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This work is a substudy of our virtual high dependency unit
(vHDU) hypoxia study [24]. In the main protocol, our goal was
to determine the specificity and sensitivity of currently available
ambulatory pulse oximeters for the detection of hypoxemia. In
this substudy, the aim is to assess the VitalPatch estimation
accuracy during several simulated movements and in controlled
hypoxic conditions against gold standard measurements, ECG
for HR [25] and capnography for RR [26].

HR, and a nasal cannula for acquisition of RR, both connected
to the Philips monitor. The participants were continuously
monitored with these devices throughout the study session by
trained health care professionals with appropriate resuscitation
facilities.

Objectives

The participants were considered at rest after fitting all the
devices (variable duration between participants). The
participants then moved into a chair and were asked to complete
a series of consecutive motion conditions: 20× sit-to-stand
(STS), 2-minute tapping at 2 Hz, 2-minute rubbing at 2 Hz, 20
times drinking from a plastic cup, 50 times turning pages, and
a set of predefined table activity tasks [24]. STS was considered
a dynamic activity, whereas the remainder were considered
sedentary activities.

The primary outcome is accuracy, defined as the mean absolute
error (MAE) of the VitalPatch HR and RR estimation versus
gold standard recording of HR (3-lead ECG) and RR
(capnography) in healthy volunteers during movement and
during induced hypoxia (down to peripheral oxygen saturation
[SpO2] of 80%). In line with the American National Standards
Institute/Association for the Advancement of Medical
Instrumentation (ANSI/AAMI) EC13:2002 standard [27], we
defined the MAE of the patch estimates to be clinically
acceptable if the rates are within 5 beats per minute (bpm) and
3 respirations per minute (rpm) [3,21,22,27].

Methods
This manuscript follows the Guidelines for Reporting Reliability
and Agreement Studies [28].

Study Design
This was a prospective, observational, cross-sectional cohort
study that validated the HR and RR of a single-lead ECG chest
patch. The VitalPatch HR is computed via the detection of Q
wave, R wave, and S wave complexes from a single-lead ECG
waveform. The RR is derived from combined information from
three sources, that is, an embedded algorithm uses a weighted
average of two characteristics of the ECG signal: (1) Q-, R-,
and S-wave amplitude modulation and (2) respiratory sinus
arrhythmia (as both ECG-derived signals change during
inspiration and expiration), and (3) changes in the accelerometer
signal induced by chest movement during respiration [23,29,30].
We compared the HR and RR estimates with the gold standard
HR derived from 3-lead ECG and RR determined from
capnography measurements, respectively. The protocol for the
full study has been published [24].

Participants
The screening process and inclusion and exclusion criteria are
described in the study protocol [24]. Participants were recruited
consecutively from the Oxford area, United Kingdom, between
June 18 and August 8, 2019. The study sessions took place at
the Cardiovascular Clinical Research Facility, John Radcliffe
Hospital, Oxford, United Kingdom.

Device Placement
After the participants provided written informed consent, an
arterial line was inserted into the participant’s nondominant
radial artery. The participants were then fitted with a VitalPatch
in a modified lead-II configuration on the left midclavicular
line over the intercostal space (as recommended by the vendor),
a nonambulatory Philips MX 450 pulse oximeter (dominant
arm), a 3-lead ECG (standard configuration) for acquisition of
https://www.jmir.org/2021/9/e27547
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Test Methods
Stage 1: Movement Phase

Stage 2: Hypoxia Exposure Phase
Following the movement phase, participants were placed in a
semirecumbent, supine position and wore a tight-fitting silicone
facemask connected to a hypoxicator unit (Everest Summit
Hypoxic Generator). During this phase, oxygen saturations from
the clinical standard Philips monitor guided the titration of the
hypoxicator by a senior anesthetist from the research team.
Oxygen (7%) in nitrogen was used to further lower the fraction
of inspired oxygen, if required [24]. The inhaled fraction of
inspired oxygen was also monitored using an in-line gas
analyzer. Participants were gradually desaturated to reach stable
prespecified target SpO2 levels of 95%, 90%, 87%, 85%, 83%,
and 80%. These levels were selected to allow sufficient data
points for different hypoxia levels. SpO2 stability was subjective
for each target window, that is, a senior anesthetist decided
when a stable oxygen level was achieved.

Data Collection
For each participant, the following information was recorded
in the case report form: age, sex, height, weight, skin type
(Fitzpatrick scale [31]), baseline HR (Philips MX 450 3-lead
ECG), and arterial oxygen saturation. Data from all participants
were identified using a study number.
All data collection devices (wearables, tablets, laptops, and
physiological monitors), and respective software, were
synchronized to the same time server at the start of each study
session day. Continuous HR and RR data (sampled at 0.25 Hz)
from the VitalPatch were sent via Bluetooth Low Energy to an
Android tablet–based data capture system, developed in-house.
Once the VitalPatch is connected to the tablet, it updates its
internal clock and timestamps each sample internally. The
Phillips MX 450 3-lead ECG data were collected in real time
on a laptop using the ixTrend version 2.1 software (ixcellence
GmbH) [32]. For each step of the movement phase and
prespecified oxygen saturation level of the hypoxia phase, the
corresponding start and stop time stamps were recorded both
in the in-house data capture software and on the respective case
report forms [24].
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Data Analysis
Sample Size
Our sample size calculation was based on recommendations
from the International Organization for Standardization
80601-2-61:2019 (as the primary objective of the original study
was the assessment of pulse oximeter accuracy). For our
secondary analysis of the VitalPatch, we aimed to have
approximately 30 complete patient data sets to ensure sufficient
data points for analysis and validation testing using the
VitalPatch and gold standard (Philips monitor) continuous data.

Statistical Analysis
To analyze the agreement between the VitalPatch and the gold
standard during the movement phase, we compared 40-second
median HR and RR estimates from the VitalPatch with
simultaneous 40-second median HR and RR estimates from the
Phillips monitor from each movement task interval (±20 seconds
at the start and at the end, respectively, to accommodate for the
40-second window size). For the hypoxia phase (100% to 80%
saturations), 40-second median HR and RR estimates were also
sampled for both devices from the start until the end of hypoxia
testing. For each window, simultaneous 40-second median SpO2
estimates from the Philips monitor were also calculated per
participant (our pulse oximetry hypoxia study suggested a
negligible mean bias between the Philips SpO2 and arterial
oxygen saturation). The 40-second window was chosen as the
VitalPatch outputs instantaneous HR and RR estimates every
4 seconds, which gives 10 points per median estimate; the
Philips monitor outputs both at 1 Hz. Therefore, this represents
the comparison of a 10-point median with a 40-point median
centered on the same sample, which is reasonable.
For each phase, descriptive summaries for both devices are
shown (number of data points and mean and SD values of HR
and RR) and the MAE and root mean square error (RMSE) were

Morgado Areia et al
computed for these vital signs. However, MAE was the metric
used to determine HR and RR accuracy, in accordance with the
ANSI/AAMI EC13:2002 standard [27]. It was defined as
clinically acceptable if ≤5 bpm and 3 rpm, respectively. Both
MAE and RMSE 95% CIs were determined via bootstrap using
10,000 replicates [33].
Bland-Altman plots, the corresponding mean bias, and the 95%
LoA (SD 1.96) were also analyzed [34]. Finally, the Pearson
correlation coefficient and associated P value [35] were reported.
All statistical tests were conducted using R v3.6.1 (R Foundation
for Statistical Computing) [36].

Missing Values
Participants in whom it was not possible to achieve hypoxemia
(SpO2<90%) were excluded from the analysis to avoid different
sample sizes or participants in the movement and hypoxia
phases. All the included participants had complete data from
the movement phase. If there were any technical issues during
an activity, it was repeated until complete data were obtained.
For clinical reasons, this was not possible in the hypoxic phase.
Participants with intermittent missing data (if not significant)
were included. We did not use imputation in this study, given
that the median was calculated for consecutive 40-second
windows without data on either the VitalPatch or reference
device excluded from the analysis.

Results
Participants
The flow diagram of the data set collected in this study is shown
in Figure 2. A total of 42 participants were recruited, of which
29 (69%) were included in our analysis. The demographic
descriptors are listed in Table 1. Exemplar HR and RR traces
collected in the movement and hypoxia phases for one
participant are shown below.

Figure 2. Participant flowchart. ABG: arterial blood gas.
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Table 1. Participants’ demographics (N=29).
Characteristics

Values

Age (years)
Mean (SD)

32.5 (10.5)

Median (IQR)

29 (25-38)

Sex (female), n (%)

16 (55)

Height (m)
Mean (SD)

1.7 (0.1)

Median (IQR)

1.7 (1.6-1.8)

Weight (kg)
Mean (SD)

70.6 (14.1)

Median (IQR)

68 (59.2-83)

BMI (kg/m2)
Mean (SD)

24.3 (3.9)

Median (IQR)

24 (21.5-26.8)

Skin tone, n (%)
Type 1

7 (24)

Type 2

12 (41)

Type 3

2 (7)

Type 4

8 (28)
a

Respiratory rate (rpm )
Mean (SD)

16.3 (3.6)

Median (IQR)

17 (13-19)

Heart rate (bpmb)
Value, mean (SD)

72.9 (11.9)

Value, median (IQR)

73 (64-82)

SaO2c
Mean (SD)

99.3 (1.3)

Median (IQR)

100 (99-100)

d

Systolic BP (mm Hg)
Mean (SD)

134.1 (20.0)

Median (IQR)

129 (123-146)

Diastolic BP (mm Hg)

a

Mean (SD)

78.5 (11.2)

Median (IQR)

75 (70-87)

rpm: respirations per minute.

b

bpm: beats per minute.

c

SaO2: arterial oxygen saturation.

d

BP: blood pressure.

Movement Phase
The movement phase lasted approximately 13 minutes for each
participant. The exemplar HR and RR traces shown in Figure
3 confirm higher variability during the STS movement. The
https://www.jmir.org/2021/9/e27547
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scatter and Bland-Altman plots for HR and RR in Figure 4 also
show a higher mean bias and LoA for the dynamic activity
(STS) versus one of the sitting movements (using a tablet).
Scatter and Bland-Altman plots for all movement tests can be
found in Multimedia Appendix 1. Table 2 lists the performance
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metrics for the complete movement phase. The VitalPatch HR
showed marginal overestimation throughout the sitting activities,
with a mean MAE ranging from 0.55-0.84 bpm, RMSE from
0.89-1.32 bpm, bias from 0.06-0.32 bpm, and with a correlation
of approximately 1 (P<.001) throughout. In the dynamic activity

Morgado Areia et al
(STS), there was an increase in the MAE, 2.69 (95% CI
1.58-3.63) bpm, and RMSE 5.75 (95% CI 3.83-7.94) bpm, mean
bias 1.92 (95% LoA −8.75 to 12.59) bpm, with a correlation of
approximately 0.95 (P<.001).

Figure 3. (A) Exemplar heart rate and (B) respiratory rate data collected during the movement phase for one participant (vHDU-H-029). Red: VitalPatch
heart rate; blue: VitalPatch respiratory rate; black: Philips 3-Lead electrocardiography heart rate in part (A) and capnography respiratory rate in part
(B); brown horizontal line: movement tests. bpm: beats per minute; HR: heart rate; rpm: respirations per minute; RR: respiratory rate; STS: sit-to-stand.

Figure 4. (A and C) Scatter plots and (B and D) Bland-Altman plots for heart rate (A and B in red) and respiratory rate (C and D in blue) in two example
movements: (1) repetitive sit-to-stand and (2) using a tablet (while sitting). bpm: beats per minute; HR: heart rate; rpm: respirations per minute; RR:
respiratory rate.

https://www.jmir.org/2021/9/e27547

XSL• FO
RenderX

J Med Internet Res 2021 | vol. 23 | iss. 9 | e27547 | p.422
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Morgado Areia et al

Table 2. Movement phase metrics (N=29).
Number of
data points

Philips, mean
(SD)

VitalPatch,
mean (SD)

Pearson corre- MAEb (95% CI)
lation (R2)a

At rest

216

71.87 (12.52)

72.18 (12.86)

0.99

1.16 (0.91 to 1.39) 2.11 (1.62 to 2.62) 0.31 (−3.8 to 4.42)

STSf

93

89.94 (17.32)

91.87 (16.38)

0.95

2.69 (1.58 to 3.63) 5.75 (3.83 to 7.94) 1.92 (−8.75 to 12.59)

Tapping

111

70.99 (13.89)

71.07 (14.10)

1

0.55 (0.42 to 0.68) 0.89 (0.66 to 1.12) 0.08 (−1.68 to 1.83)

Rubbing

107

71.90 (12.69)

72.06 (12.69)

1

0.69 (0.51 to 0.85) 1.12 (0.88 to 1.37) 0.15 (−2.03 to 2.34)

Drinking

76

71.93 (13.91)

72.25 (13.68)

1

0.84 (0.61 to 1.05) 1.32 (0.98 to 1.67) 0.32 (−2.21 to 2.84)

Turning
pages

98

75.48 (13.71)

75.54 (13.58)

1

0.72 (0.52 to 0.90) 1.21 (0.80 to 1.57) 0.06 (−2.32 to 2.44)

Tablet

152

73.18 (12.45)

73.43 (12.38)

1

0.69 (0.58 to 0.80) 0.99 (0.85 to 1.13) 0.25 (−1.63 to 2.12)

Movement

RMSEc (95% CI)

Mean bias (95%
LoAd)

Heart rate (bpme)

g

Respiratory rate (rpm )

a

At rest

127

17.26 (3.29)

15.31 (3.12)

0.72

2.44 (2.11 to 2.77) 3.10 (2.70 to 3.48) −1.94 (−6.68 to 2.79)

STS

92

18.41 (4.71)

16.83 (5.20)

0.56

3.45 (2.71 to 4.11) 4.89 (3.91 to 5.92) −1.59 (−10.7 to 7.53)

Tapping

104

18.43 (2.75)

16.75 (3.06)

0.68

2.14 (1.76 to 2.50) 2.86 (2.40 to 3.35) −1.68 (−6.25 to 2.89)

Rubbing

103

17.50 (3.51)

15.52 (3.13)

0.63

2.44 (1.93 to 2.88) 3.48 (2.45 to 4.38) −1.97 (−7.63 to 3.69)

Drinking

72

16.90 (3.76)

15.46 (3.48)

0.74

2.30 (1.83 to 2.72) 2.99 (2.36 to 3.62) −1.44 (−6.62 to 3.75)

Turning
pages

97

19.09 (4.08)

17.41 (3.72)

0.53

3.05 (2.48 to 3.58) 4.13 (3.32 to 4.90) −1.69 (−9.11 to 5.73)

Tablet

152

17.75 (3.51)

15.32 (3.23)

0.66

2.97 (2.61 to 3.31) 3.70 (3.31 to 4.10) −2.43 (−7.92 to 3.05)

P<.001.

b

MAE: mean absolute error.

c

RMSE: root mean square error.

d

LoA: limits of agreement.

e

bpm: beats per minute.

f

STS: sit-to-stand.

g

rpm: respirations per minute.

In contrast, a consistent underestimation was observed for RR
throughout the sitting activities. MAE ranged from 2.14-3.05
rpm, RMSE from 2.86-4.13, mean bias from −1.68 to −2.43
rpm, and the correlation coefficient from 0.53-0.74 (P<.001).
During the dynamic activity, the MAE was 3.45 (95% CI
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2.71-4.11) rpm, RMSE was 4.89 (95% CI 3.91-5.92) rpm, mean
bias was −1.59 (95% LoA −10.7 to 7.53) rpm, and the
correlation was 0.56 (P<.001). An overview of the MAE,
RMSE, and mean bias (LoA) for all movements is shown in
Figure 5.
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Figure 5. Accuracy and Bias (mean bias) plots for all movement tests. Red: heart rate; horizontal red line represents acceptable limits. Blue: respiratory
rate; horizontal blue line represents acceptable limits. (A) MAE (95% CI) plot, (B) RMSE (95% CI) plot, (C) bias LOAs. bpm: beats per minute; LoAs:
limits of agreement; MAE: mean absolute error; RMSE: root mean square error; rpm: respirations per minute; STS: sit-to-stand.

The VitalPatch HR estimation was within clinically acceptable
accuracy, achieving a MAE 0.72 (95% CI 0.66-0.78) bpm and
a RMSE 1.16 (95% CI 1.02-1.29) bpm in the hypoxia phase.
Figure 6 shows an exemplar participant during the hypoxia
phase, and Figure 7 shows the scatter and Bland-Altman plots
for HR and RR. The mean bias was 0.49 (95% LoA −1.58 to

2.56), and the correlation was approximately 1 (P<.001).
Although more variable, the RR was also within the acceptable
accuracy achieving a MAE 1.89 (95% CI 1.75-2.03) rpm and
a RMSE 2.92 (95% CI 2.64-3.2) rpm. A minimal mean bias of
−0.08 (95% LoA −5.8 to 5.65) and a correlation of
approximately 0.72 (P<.001) were observed.

Figure 6. Exemplar heart rate (A) and respiratory rate (B) traces during the hypoxia phase for one participant (vHDU-H-29). red: VitalPatch heart rate;
blue: VitalPatch respiratory rate; black: Philips 3-Lead electrocardiography heart rate (A) and capnography respiratory rate (B); brown horizontal line:
target hypoxia levels. bpm: beats per minute; HR: heart rate; rpm: respirations per minute; RR: respiratory rate.
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Figure 7. (A and C) Scatter plots and (B and D) Bland-Altman plots for heart rate (A and B in red) and respiratory rate (C and D in blue) during the
full hypoxia phase. bpm: beats per minute; rpm: respirations per minute; SpO2: peripheral oxygen saturation.

There were also no significant differences in the error metrics
between the SpO2 subgroups (normoxia, SpO2 100% to 90%;
mild hypoxia, SpO2 85%-89.9%; and severe hypoxia,

SpO2<85% [24]), as shown in Multimedia Appendix 2. Finally,
Figure 8 shows the MAE, RMSE, and mean bias (LoA)
computed for each oxygen saturation level from the hypoxia
phase.

Figure 8. Accuracy and Bias (mean bias) plots for the hypoxia phase. Red: heart rate; horizontal red lines represent acceptable limits Blue: respiratory
rate; horizontal blue line represents acceptable limits. (A) MAE (95% CI) plot, (B) RMSE (95% CI) plot, (C) bias LOAs. bpm: beats per minute; LoA:s
limits of agreement; MAE: mean absolute error; RMSE: root mean square error; rpm: respirations per minute; SpO2: peripheral oxygen saturation.
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Discussion
Principal Findings
The key findings from this study were as follows: (1) The
VitalPatch HR estimation was well within acceptable accuracy
limits when compared with the gold standard device (Philips
3-lead ECG), (2) The VitalPatch RR estimation was also in
agreement with the gold standard device (Philips capnography)
for most of the movements and throughout the full hypoxia
phase, and (3) there was no impact on the HR and RR estimation
performance when participants were exposed to induced
hypoxia. These findings support the clinical use of VitalPatch
in patients with reduced baseline saturation or at risk of hypoxia.
Accuracy testing during motion is important before clinical use,
as we aim to implement an ambulatory monitoring system that
promotes patient mobility and independence without
compromising safety. Our results suggest that the VitalPatch
can measure HR with high accuracy and minimal bias during
simple movements (mimicking in-hospital patient movements).
Reliability was reduced during STS activity but was still within
acceptable limits. These results agree with the results of previous
clinical validation studies when compared with a reference
standard device in healthy volunteers [18,23] and surgical
patients [21,22]. When compared with nurse manual
measurements in surgical patients [14], VitalPatch meets the
accuracy criteria for HR estimation.
The MAE of the VitalPatch RR estimation was comparatively
higher, especially during the movement phase. However, it was
also mostly within the prespecified limits (except for the STS
and turning a page movements), in agreement with previous
studies [14,18,21-23]. High variation during STS was expected
as it is a dynamic activity, potentially creating several artifacts
that could affect VitalPatch accuracy during this test [21,22];
however, a high MAE for RR was not expected for the turning
pages activity (even if close to the 3-rpm threshold). We
postulate that the latter may have created a low-frequency
periodic artifact that influenced both the ECG and accelerometer
waveforms (both used in the computation of the RR estimate
by the VitalPatch).
The most recent study showed that the VitalPatch tended to
overestimate RR with a bias of 4.4 rpm [22], but previous studies
showed a predominant RR underestimation [14,18,21]. Our
study seems to agree with the latter, as VitalPatch mostly
underestimated RR throughout the movement phase and varied
in the hypoxia phase. However, in contrast to these previous
studies, we collected vital signs from healthy participants.
This study also assessed the VitalPatch reliability during a
controlled hypoxia phase, and our results suggest that there is
no impact on this patch’s reliability for HR and RR
measurements during periods of reduced SpO2 levels. The
VitalPatch estimates followed the gold standard HR and RR
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variations caused by the controlled desaturation of the
participants during the hypoxia phase, reliably, supporting its
use in clinical populations with reduced baseline saturation or
at risk of hypoxia.

Limitations
This study had some limitations. First, the participants were
healthy volunteers in a controlled environment that is not
representative of hospitalized patients. In addition, the main
study was powered to assess the accuracy of SpO2 and not that
of HR and RR. Although the range required to validate RR was
achieved (10 to 30 rpm is required [18] and 4 to 31 rpm was
collected), the HR range achieved in this substudy was 40 to
150 bpm, a subset of the range required to validate its accuracy,
30 to 200 bpm [27].

Comparison With Prior Work and Future Research
The ANSI/AAMI EC13:2002 standard [27] only requires that
a measure of systematic error (eg, mean bias or MAE) be below
the clinically accepted limits. In more recent studies, MAE has
been used because it is less susceptible to outliers than the mean
bias [18,23,30]. Analyzing the RMSE results, which combines
both the systematic and random errors, we note that they follow
the trend of those of the MAE metric as the RMSE was also
higher during the STS activity for both variables and for the
turning pages movement for RR. In our study, the LoA (also a
measure of random error) seemed to be within the acceptable
range when compared with the results of other studies
[14,18,21-23] (except for the aforementioned cases). Previous
studies reported higher LoA (defined as out of the acceptable
range by the authors) for RR when compared with reference
standard devices both in healthy volunteers (−10.1 to 6.5) [18]
and surgical patients (−15.8 to 11.2) [21] and (−4.4 to 13.3)
[22], and when compared with nurse manual measurements in
surgical patients (10.32 to 9.04) [14].
In this study, the VitalPatch was subjected to robust testing,
during movement and under induced hypoxia, against a gold
standard in a controlled environment. Our results suggest that
this device can be safely tested in clinical environments (within
the collected input range for each vital sign). Our results will
inform future phases of our vHDU research project, aiming to
develop an accurate wearable system for monitoring ambulatory
patients in hospitals.

Conclusions
In conclusion, the VitalPatch was highly accurate throughout
movement tests except for the measurement of RR during the
STS activity and the turning pages movement. This device was
also reliable throughout the hypoxia phase, with no significant
MAE or bias differences in hypoxic levels. This study
demonstrated that VitalPatch can be safely tested in clinical
environments to support earlier detection of clinical
deterioration.
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Abstract
Background: Multidisciplinary treatment (MDT) and adjuvant therapy are associated with improved survival rates in breast
cancer. However, nonadherence to MDT decisions is common in patients. We developed a smartphone-based app that can facilitate
the full-course management of patients after surgery.
Objective: This study aims to investigate the influence factors of treatment nonadherence and to determine whether this
smartphone-based app can improve the compliance rate with MDTs.
Methods: Patients who had received a diagnosis of invasive breast cancer and had undergone MDT between March 2013 and
May 2019 were included. Patients were classified into 3 groups: Pre-App cohort (November 2017, before the launch of the app);
App nonused, cohort (after November 2017 but not using the app); and App used cohort (after November 2017 and using the
app). Univariate and multivariate analyses were performed to identify the factors related to MDT adherence. Compliance with
specific adjuvant treatments, including chemotherapy, radiotherapy, endocrine therapy, and targeted therapy, was also evaluated.
Results: A total of 4475 patients were included, with Pre-App, App nonused, and App used cohorts comprising 2966 (66.28%),
861 (19.24%), and 648 (14.48%) patients, respectively. Overall, 15.53% (695/4475) patients did not receive MDT recommendations;
the noncompliance rate ranged from 27.4% (75/273) in 2013 to 8.8% (44/500) in 2019. Multivariate analysis demonstrated that
app use was independently associated with adherence to adjuvant treatment. Compared with the patients in the Pre-App cohort,
patients in the App used cohort were less likely to deviate from MDT recommendations (odds ratio [OR] 0.61, 95% CI 0.43-0.87;
P=.007); no significant difference was found in the App nonused cohort (P=.77). Moreover, app use decreased the noncompliance
rate for adjuvant chemotherapy (OR 0.41, 95% CI 0.27-0.65; P<.001) and radiotherapy (OR 0.49, 95% CI 0.25-0.96; P=.04), but
not for anti-HER2 therapy (P=.76) or endocrine therapy (P=.39).
Conclusions: This smartphone-based app can increase MDT adherence in patients undergoing adjuvant therapy; this was more
obvious for adjuvant chemotherapy and radiotherapy.
(J Med Internet Res 2021;23(9):e27576) doi:10.2196/27576
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breast cancer; adherence; multidisciplinary treatment; adjuvant treatment; smartphone-based app; mobile phone
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Introduction
Background
Breast cancer has the highest prevalence rate among malignant
diseases in women worldwide [1]. Typically, comprehensive
treatment for breast cancer includes locoregional and systemic
therapy approaches. The former refers to surgery and
radiotherapy, and the latter comprises chemotherapy, targeted
therapy, endocrine therapy, and other promising strategies such
as immunotherapy [2]. Moreover, multidisciplinary treatment
(MDT), which involves physicians from different disciplines
with specialized knowledge working as team to discuss the
treatment of a given patient, has become a standard care
modality that can promote clinical decision-making and improve
the overall quality of treatment [3]. To date, nearly 70% to 80%
of nonmetastatic breast cancers are curable because of the
continuous improvement of therapeutic strategies and MDT
discussions [4].
Despite the proven efficacy of adjuvant treatment, patients may
have difficulty initiating or pursuing a treatment plan because
of the relative complexity of the overall therapy. A cancer
registry study demonstrated that the nonadherence rate for
adjuvant therapy was approximately 30% for early breast cancer
[5]. Meanwhile, it has been reported that nearly one-third of
patients discontinued endocrine therapy during 5 years of
treatment [6]. Noncompliance was associated with an increased
risk of recurrence and poorer clinical outcomes [7,8]. Thus, it
is essential to identify the reasons for nonadherence and use
effective interventions to improve adherence.

Mobile Health Intervention
Currently, the use of mobile devices to conduct health control
and management has become increasingly popular and has the
opportunity to affect health behaviors, especially in the condition
of chronic disease and cancer setting among adolescents [9].
For example, sharing treatment experiences on the web can help
alleviate isolation and emotional distress [10]. Active and regular
self-monitoring using the digital app also helps to improve
health-related outcomes, such as pain management for cancer
[11]. Studies have also argued that the change in actual behavior
is modest, and there is a lack of research focusing on
effectiveness and acceptability [12,13]. New technologies such
as artificial intelligence, virtual reality, and machine learning
have also been tailored in health care settings to optimize disease
outcomes [14]. Therefore, we launched a smartphone-based app
called the full-course management system in November 2017,
which enabled sustained communication between outpatients
and medical workers and provided personalized management
according to MDT discussions. Using this app, we aimed to
facilitate the postoperative management of patients with breast
cancer.

Objective
In this study, we aimed to determine the potential factors that
influence patient compliance with MDTs. Meanwhile, we aimed
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to evaluate whether this smartphone-based app could improve
patients’ adherence to MDT for early breast cancer patients.

Methods
Data Processing and Cohort Sorting
Patients with a diagnosis of breast cancer who received MDT
discussion for adjuvant treatment decisions between March
2013 and May 2019 at Shanghai Ruijin Hospital were
retrospectively reviewed. Data on demographic and
clinicopathological characteristics as well as follow-up
information were retrieved from the Shanghai Jiao Tong
University Breast Cancer Database. The inclusion criteria were
as follows: (1) female patients with a diagnosis of primary breast
cancer and (2) patients who received surgical treatment. Patients
were excluded if they met the following criteria: (1) forgone or
had missing MDT discussion data, (2) pathologically confirmed
without invasive lesions, or (3) missing clinicopathological
characteristic data. Patients were then divided into 3 cohorts
according to the year of diagnosis and use of the
smartphone-based management system. The Pre-App cohort
included patients who received a diagnosis between March 2013
and October 2017. The App nonused cohort included patients
who received a diagnosis between November 2017 and May
2019 without using the app. The App used cohort referred to
patients who received a diagnosis between November 2017 and
May 2019 and who had applied the smartphone-based app within
the adjuvant treatment setting. It is worth noting that the use of
the app was entirely up to patients’ willingness, and at least one
time of logging record identified from the backstage system
would be defined as app used.

Ethics Approval and Consent to Participate
The study was approved by the Ethical Committees of Ruijin
Hospital, Shanghai Jiao Tong University School of Medicine,
and informed consent was waived because of the retrospective
design of this study. All procedures performed in studies
involving human participants were in accordance with the ethical
standards of the institutional and national research committee
and with the 1964 Helsinki declaration and its later amendments
or comparable ethical standards.

MDT Discussion
After breast cancer surgery, an MDT discussion session was
held to determine the adjuvant treatment strategy for each
patient. In brief, the MDT panel members reviewed the medical
history of each patient in advance and selected treatments on a
given webpage. The MDT panelists consisted of breast surgeons,
medical oncologists, pathologists, radiation oncologists, and
oncology nurses. When the MDT meeting was held, a physician
reported the cases and displayed the treatment results of each
panelist for each patient. If the treatment results were consistent,
a treatment decision was made. If the treatment decisions were
inconsistent, the panel members discussed the treatment plan,
and the attending physician made the final treatment decision
for the patient. The flowchart of the MDT is shown in Figure
1.
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Figure 1. Flowchart of multidisciplinary treatment. MDT: multidisciplinary treatment.

Smartphone-Based Full-Course Management App
The smartphone-based app consists of the following features:
1.
2.

3.

Login, logout, setting, and modification of personal
information
Full-course management included registering for
information on the surgical treatment, viewing the results
of the MDT discussion, generating the treatment process
according to the MDT discussion, receiving the reminder
of the treatment, confirming the completion of the treatment,
filling in the follow-up information, and consulting a
specialist nurse.
Questionnaire and feedback
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The operational flow of the app is illustrated in Figure 2. In
brief, after discharge from the hospital, the baseline
characteristics and surgical and pathological information of the
patients were uploaded to the system. Then, the patients
completed the registration through the smartphone app and
initiated the first course of treatment. The system then
automatically calculated the treatment schedule according to
the MDT recommendation and pushed notifications to patients
periodically. After completing each cycle of therapy, patients
were required to confirm the treatment-related record on the
app. During the entire course of treatment, patients
communicated in real time with specialist nurses via this app.
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Figure 2. The operation flow of the smartphone-based app. MDT: multidisciplinary treatment.

Measurement of Nonadherence
Treatment adherence was assessed by physicians via outpatient
procedures, by follow-up specialists, or by nurses via phone
calls. The routine follow-up interval was as follows: (1) every
3 months within the first 2 years after surgery, (2) every 6
months between 3 and 5 years, and (3) once a year after 5 years.
Treatment adherence was evaluated in all patients according to
whether their actual treatment was the same as the results of the
MDT discussion. Nonadherence was defined as follows: (1)
patients refused to receive the prescribed regimen recommended
by the MDT, (2) patients received a different regimen with the
MDT recommendation, or (3) patients failed to complete the
full course of treatment. Adherence was investigated in each
therapeutic modality, including chemotherapy, radiotherapy,
anti-HER2 (human epidermal growth factor receptor-2) therapy,
and endocrine therapy, and then overall compliance was
calculated.

Statistical Analysis

between the adherence and nonadherence groups, as well as to
compare the difference in treatment adherence among the 3
app-related groups. A multivariate logistic regression model
was used to identify the features associated with treatment
compliance. Odds ratios (ORs) with 95% CIs were used to
evaluate the influence of app use on patient adherence.
Interactive analyses were performed to illustrate the effect of
app use on compliance among patients with different
clinicopathological features. Statistical analyses were performed
using IBM SPSS version 25 and GraphPad Prism 8 (GraphPad
Prism, Inc).

Results
Baseline Characteristics
A total of 5940 patients were reviewed, and 4475 were included
in the study (Figure 3). There were 66.28% (2966/4475), 19.24%
(861/4475), and 14.48% (648/4475) of patients in the Pre-App,
App nonused, and App used cohorts, respectively.

The chi-square test was used to evaluate the differences in
patient characteristics among the three app-related groups and
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Figure 3. Flowchart. MDT: multidisciplinary treatment.

Among 4475 patients, 1662 (37.14%) were aged 50 years or
older, 2304 (51.49%) were aged between 50 and 70 years, and
11.73% (509/4475) of patients were older than 70 years. A total
of 64.31% (2878/4475) of patients underwent mastectomy for
the breast, and 66.2% (2940/4475) of patients underwent sentinel
lymph node biopsy for the axillary region. Regarding the
molecular subtype, there were 20.63% (923/4475), 42.53%
(1903/4475), 12.97% (540/4475), 11.17% (500/4475), and
13.61% (609/4475) of tumors classified as luminal-A like,
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luminal-B
like
(HER2-negative),
luminal-B
like
(HER2-positive), HER2 positive, and triple negative,
respectively (Table 1). When using the American Joint
Committee on Cancer staging system to classify the disease,
44.71% (1954/4475) were stage I, 42.08% (1839/4475) were
stage II, and 13.2% (577/4475) were stage III. Altogether,
84.46% (3780/4475) of patients received the treatment regimen
assigned by MDT, which was defined as adherence.

J Med Internet Res 2021 | vol. 23 | iss. 9 | e27576 | p.434
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Yu et al

Table 1. Baseline characteristics of patients who have received surgery and multidisciplinary treatment discussion (N=4475).
Characteristics

Values, n (%)
Total (n=4475)

P value
Pre-App cohort (n=2966)

App nonused cohort (n=861) App used cohort (n=648)

Age (years)

<.001

≤50

1662 (37.1)

1100 (37.1)

293 (34)

269 (41.5)

50-70

2304 (51.5)

1535 (51.8)

435 (50.5)

334 (51.5)

>70

509 (11.4)

331 (11.2)

133 (15.4)

45 (6.9)

Educational levela

.70

Middle school or lower 1673 (38.2)

1104 (38.1)

334 (39.2)

235 (37.1)

High school or higher

1792 (61.9)

518 (60.8)

399 (62.9)

2709 (61.8)

Marital status

.14

Married

4315 (96.4)

2857 (96.3)

825 (95.8)

633 (97.7)

Others

160 (3.6)

109 (3.7)

36 (4.2)

15 (2.3)

Menopausal status

.002

Pre

1728 (38.6)

1144 (38.6)

300 (34.8)

284 (43.8)

Post

2747 (61.4)

1822 (61.4)

561 (65.2)

364 (56.2)

Benign breast disease history

<.001

Yes

967 (21.6)

572 (19.3)

228 (26.5)

167 (25.8)

No

3508 (78.4)

2394 (80.7)

633 (73.5)

481 (74.2)

Malignant disease history

<.001

Yes

209 (4.7)

111 (3.7)

56 (6.5)

42 (6.5)

No

4266 (95.3)

2855 (96.3)

805 (93.5)

606 (93.5)

Family history of breast cancer

.002

Yes

340 (7.6)

197 (6.6)

86 (10)

57 (8.8)

No

4135 (92.4)

2769 (93.4)

775 (90)

591 (91.2)

Comorbidity

.01

Yes

1766 (39.5)

1184 (39.9)

359 (41.7)

223 (34.4)

No

2709 (60.5)

1782 (60.1)

502 (58.3)

425 (65.6)

Breast surgery

<.001

Breast conserving

1597 (35.7)

1004 (33.9)

357 (41.5)

236 (36.4)

Mastectomy

2878 (64.3)

1962 (66.1)

504 (58.5)

412 (63.6)

Axillary surgeryb

<.001

SLNBc

2940 (66.2)

1905 (64.6)

626 (74)

409 (63.2)

ALNDd

1501 (33.8)

1043 (35.4)

220 (26)

238 (36.8)

Tumor sizee

.40

≤2 cm

2542 (58)

1669 (58)

511 (59.3)

362 (55.9)

>2 cm

1843 (42)

1207 (42)

350 (40.7)

286 (44.1)

Lymph node statusf

<.001

Negative

2905 (65.4)

1943 (65.9)

605 (71.5)

357 (55.3)

Positive

1535 (34.6)

1005 (34.1)

241 (28.5)

289 (44.7)

Pathological subtype
IDCg

3848 (86)

2578 (86.9)

690 (80.1)

580 (89.5)

Non-IDC

627 (14)

388 (13.1)

171 (19.9)

68 (10.5)
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Values, n (%)
Total (n=4475)

P value
Pre-App cohort (n=2966)

App nonused cohort (n=861) App used cohort (n=648)

Tumor grade

<.001

I or II

2253 (50.3)

1437 (48.4)

469 (54.5)

347 (53.5)

III

1574 (35.2)

1137 (38.3)

212 (24.6)

225 (34.7)

Unknown

648 (14.5)

392 (13.2)

180 (20.9)

76 (11.7)

LVIh

<.001

No

3926 (87.7)

2689 (90.7)

722 (83.9)

515 (79.5)

Yes

549 (12.3)

277 (9.3)

139 (16.1)

133 (20.5)

Estrogen receptor status

.01

Negative

160 (24.7)

780 (26.3)

184 (21.4)

160 (24.7)

Positive

3351 (74.9)

2186 (73.7)

677 (78.6)

488 (75.3)

Progesterone receptor status

<.001

Negative

1629 (36.4)

1153 (38.9)

254 (29.5)

222 (34.3)

Positive

2846 (63.6)

1813 (61.1)

607 (70.5)

426 (65.7)

HER2i status

.001

Negative

3435 (76.8)

2280 (76.9)

689 (80)

466 (71.9)

Positive

1040 (23.2)

686 (23.1)

172 (20)

182 (28.1)

Ki-67

<.001

<14%

1400 (31.3)

1029 (34.7)

245 (28.5)

126 (19.4)

≥14%

3075 (68.7)

1937 (65.3)

616 (71.5)

522 (80.6)

Molecular subtype
Luminal-A like

<.001
923 (20.6)

657 (22.2)

184 (21.4)

82 (12.7)

Luminal-B like (HER2- 1903 (42.5)
negative)

1206 (40.7)

399 (46.3)

298 (46)

Luminal-B like (HER2- 540 (12.1)
positive)

331 (11.2)

97 (11.3)

112 (10.8)

HER2 positive

500 (11.2)

355 (12)

75 (8.7)

70 (10.8)

Triple negative

609 (13.6)

417 (14.1)

106 (12.3)

86 (13.3)

TNMj stagek

a

.003

Stage I

1954 (44.7)

1289 (44.8)

415 (49.1)

250 (38.7)

Stage II

1839 (42.1)

1213 (42.1)

329 (38.9)

297 (46)

Stage III

577 (13.2)

376 (13.1)

102 (12.1)

99 (15.3)

A total of 993 patients had missing data of educational level.

b

A total of 34 patients had missing data of axillary surgery procedure.

c

SLNB: sentinel lymph node biopsy.

d

ALND: axillary lymph node dissection.

e

A total of 90 patients had missing data of tumor size.

f

A total of 35 patients had missing data of lymph node status.

g

IDC: invasive ductal carcinoma.

h

LVI: lymphovascular invasion.

i

HER2: human epidermal growth factor receptor 2.

j

TNM: tumor, lymph node, and metastasis.

k

A total of 105 patients had missing data of tumor, lymph node, and metastasis stage.
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The rate of nonadherence decreased by year, which was
approximately 27.4% in 2013 and 8.8% in 2019 (Figure 4).

Figure 4. Trend of noncompliance rate to multidisciplinary treatment recommendations by year. The dotted line indicates launch of the smartphone-based
app.

In the univariate analysis, diagnosis year, demographic
characteristics, medical history, surgical type, as well as the
staging and characteristics of tumors were significantly
associated with adherence to MDT. Moreover, regarding
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smartphone-based app use, the nonadherence rate was 17.6%
in the Pre-App cohort, 13.24% in the App nonused cohort, and
9.1% in the App used cohort (P<.001; Tables 2 and 3; Table
S1 in Multimedia Appendix 1).
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Table 2. Factors associated with treatment adherence in patients.
Characteristics

Value, n (%)
Adherence (n=3780)

P value
Nonadherence (n=695)

Year

<.001

2013.3-2014.5

410 (76.9)

123 (23.1)

2014.6-2015.5

453 (81.2)

105 (18.8)

2015.6-2016.5

551 (83.6)

108 (16.4)

2016.6-2017.5

677 (85.2)

118 (14.8)

2017.6-2018.5

799 (85.5)

136 (14.5)

2018.6-2019.5

890 (89.4)

105 (10.6)

Age (years)

<.001

≤50

1444 (86.9)

218 (13.1)

50-70

1972 (95.6)

332 (14.4)

>70

364 (71.5)

145 (28.5)

Educational level

<.001

Middle school or lower

1386 (81.8)

305 (18.2)

High school or higher

2332 (86.1)

377 (13.9)

Marital status

.82

Married

3646 (86.7)

669 (13.3)

Others

134 (83.1)

26 (16.9)

Menopausal status

.001

Pre

1498 (39.6)

230 (33.1)

Post

2282 (60.4)

465 (66.9)

Benign breast disease history

.06

Yes

836 (86.5)

131 (13.5)

No

2944 (83.9)

564 (16.1)

Malignant disease history

.08

Yes

167 (79.9)

42 (20.1)

No

3613 (84.7)

653 (15.3)

Family history of breast cancer

.008

Yes

304 (89.4)

36 (10.6)

No

3476 (84.1)

659 (15.9)

Comorbidity

.08

Yes

1471 (83.3)

295 (16.7)

No

2309 (85.2)

400 (14.8)

Breast surgery

.32

Breast conserving

1361 (85.2)

236 (14.8)

Mastectomy

2419 (84.1)

459 (15.9)

Axillary surgery

.001

SLNBa

2526 (67.2)

414 (60.7)

ALNDb

1233 (32.8)

268 (39.3)

Tumor size (cm)
≤2
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2187 (86)

355 (14)
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Value, n (%)

P value

Adherence (n=3780)

Nonadherence (n=695)

1516 (82.3)

327 (47.9)

Lymph node status

<.001

Negative

2508 (86.3)

397 (13.7)

Positive

1250 (81.4)

285 (18.6)

Pathological subtype

.007

IDCc

3228 (83.9)

620 (16.1)

Non-IDC

552 (88)

75 (12)

Tumor grade

<.001

I or II

1938 (86)

315 (14)

III

1279 (81.3)

295 (18.7)

Unknown

563 (86.9)

85 (13.1)

LVId

.35

No

3324 (84.7)

602 (15.3)

Yes

456 (83.1)

93 (16.9)

ERe status

.13

Negative

933 (83)

191 (17.9)

Positive

2847 (85)

504 (15)

PRf status

.002

Negative

1339 (82.2)

290 (17.8)

Positive

2441 (85.8)

405 (14.2)

HER2g status

<.001

Negative

2941 (85.6)

494 (14.4)

Positive

839 (80.7)

201 (19.3)

Ki-67

.001

<14%

1219 (87.1)

181 (12.9)

≥14%

2561 (83.3)

514 (16.7)

Molecular subtype

<.001

Luminal-A like

831 (90)

92 (10)

Luminal-B like (HER2-negative)

1607 (84.4)

296 (15.6)

Luminal-B like (HER2-positive)

421 (78)

119 (22)

HER2 positive

418 (83.6)

82 (16.4)

Triple negative

503 (82.6)

106 (17.4)

TNMh stage

<.001

Stage I

1713 (87.7)

241 (12.3)

Stage II

1512 (82.7)

318 (17.3)

Stage III

459 (79.5)

118 (20.5)

Group according to app use
Pre-App cohort

2444 (82.4)

522 (17.6)

App nonused cohort

747 (86.8)

114 (13.2)
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Characteristics

Value, n (%)

App used cohort
a

Yu et al
P value

Adherence (n=3780)

Nonadherence (n=695)

589 (90.9)

59 (9.1)

SLNB: sentinel lymph node biopsy.

b

ALND: axillary lymph node dissection.

c

IDC: invasive ductal carcinoma.

d

LVI: lymphovascular invasion.

e

ER: estrogen receptor.

f

PR: progesterone receptor.

g

HER2: human epidermal growth factor receptor 2.

h

TNM: tumor, lymph node, and metastasis.

Table 3. Patients’ adherence according to treatment.
Treatment

Value, n (%)
Pre-App cohort (n=2966)

P value
App nonused cohort (n=861)

App used cohort (n=648)

Chemotherapy

<.001

Adherent

2732 (92.1)

808 (93.8)

625 (96.5)

Nonadherent

234 (7.9)

53 (6.2)

23 (3.5)

Radiotherapy

.001

Adherent

2789 (94)

809 (94)

633 (97.7)

Nonadherent

177 (6)

52 (6)

15 (2.3)

Targeted therapya

.01

Adherent

594 (86.6)

158 (91.9)

170 (93.4)

Nonadherent

92 (13.4)

14 (8.1)

12 (6.6)

Endocrine therapyb

<.001

Adherent

2001 (91.2)

637 (93.5)

476 (96.4)

Nonadherent

194 (8.8)

44 (6.5)

18 (3.6)

Overall therapy

a

<.001

Adherent

2444 (82.4)

747 (86.8)

589 (90.9)

Nonadherent

522 (17.6)

114 (13.2)

59 (9.1)

In 1028 patients with HER2-positive breast cancer.

b

In 3337 patients with hormone receptor–positive breast cancer.

Multivariate analysis demonstrated that diagnosis year, age,
educational level, axillary surgery, lymph node status, HER2
status, and molecular subtype were significantly associated with
patients’ adherence to the MDT recommendation. Notably, the
use of the smartphone-based app was also an independent factor
associated with patient compliance (P=.02). Compared with the
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patients in the Pre-App cohort, patients in the App used cohort
were less likely to violate the treatment plan (OR 0.60, 95% CI
0.43-0.87; P=.007). However, there was no significant difference
in adherence rates between the App nonused cohort and the
Pre-App cohort (OR 0.96, 95% CI 0.70-1.29; P=.77; Table 4).
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Table 4. Multivariate analysis of factors associated with nonadherence.
Characteristics

Odds ratio (95% CI)

P value

Diagnosis year (per year)

0.88 (0.81-0.94)

<.001

Age (years)

<.001

50-70 vs ≤50

1.08 (0.88-1.31)

.45

>70 vs ≤50

2.85 (2.19-3.70)

<.001

Educational level (high school or higher vs middle school or lower)

0.76 (0.64-0.91)

.002

Menopausal status (post vs pre)

1.01 (0.72-1.41)

.96

Family history of breast cancer (yes vs no)

0.70 (0.48-1.00)

.05

Axillary surgery (ALNDa vs SLNBb)

0.72 (0.55-0.96)

.03

Tumor size (>2 cm vs ≤2 cm)

0.83 (0.62-1.09)

.18

Lymph node status (positive vs negative)

1.40 (1.04-1.88)

.03

Pathological subtype (Non-IDCc vs IDC)

0.77 (0.58-1.02)

.07

Tumor grade

.15

III versus I or II

1.19 (0.97-1.45)

.10

Unknown versus I or II

1.36 (0.84-2.20)

.21

PRd status (positive vs negative)

0.86 (0.66-1.12)

.28

HER2e status (positive vs negative)

2.04 (1.34-3.10)

.001

Ki-67 index (≥14% vs <14%)

0.96 (0.73-1.26)

.75

Molecular subtype

<.001

Luminal-B like (HER2 negative) versus Luminal-A like

1.83 (1.29-2.59)

.001

Luminal-B like (HER2 positive) versus Luminal-A like

1.60 (1.16-2.21)

.005

HER2 positive versus Luminal-A like

N/Af

N/A

Triple negative versus Luminal-A like

2.11 (1.41-3.14)

<.001

g

.02

TNM stage
Stage II versus stage I

1.35 (1.08-1.69)

.008

Stage III versus stage I

1.57 (1.09-2.25)

.01

Group according to app use

a

.02

App nonused cohort versus Pre-App cohort

0.96 (0.70-1.29)

.77

App used cohort versus Pre-App cohort

0.61 (0.43-0.87)

.007

ALND: axillary lymph node dissection.

b

SLNB: sentinel lymph node biopsy.

c

IDC: invasive ductal carcinoma.

d

PR: progesterone receptor.

e

HER2: human epidermal growth factor receptor 2.

f

N/A: not applicable.

g

TNM: tumor, lymph node, and metastasis.

Patient Adherence According to Treatment
Adjuvant Chemotherapy
Among 4475 patients, 310 (6.93%) patients did not adhere to
the adjuvant chemotherapy decision, and the nonadherence rates
were 7.9%, 6.2%, and 3.5% in the Pre-App cohort, App nonused,
and App used cohorts, respectively (P<.001; Table 3; Table S1
in Multimedia Appendix 1). In the multivariate analysis, older
https://www.jmir.org/2021/9/e27576
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age, luminal-B–like tumors, HER2-positive breast cancer, and
triple-negative breast cancer were significantly associated with
a lower compliance rate. Pathologically diagnosed noninvasive
ductal carcinoma was associated with good compliance
(P=.003). Moreover, compared with the patients in the Pre-App
cohort, patients in the App used cohort (OR 0.41, 95% CI
0.27-0.65; P<.001) but not in the App nonused cohort (OR 0.74,
95% CI 0.54-1.02; P=.07) were less likely to not follow
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MDT-recommended chemotherapy (Table S2 in Multimedia
Appendix 1).

Adjuvant Radiotherapy
There were 5.45% (244/4475) patients who did not receive
adjuvant radiotherapy according to the MDT discussion, and
the discordance rates were 6%, 6%, and 2.3% in the 3 groups,
respectively (P=.001; Table 3; Table S3 in Multimedia Appendix
1). Multivariate analysis demonstrated that later diagnosis year,
age, educational level, Ki-67 index, and lymph node status were
significantly related to patient adherence (Table S4 in
Multimedia Appendix 1). When compared with the patients in
the Pre-App cohort, patients in the App used cohort were less
likely to not follow the MDT recommendation (OR 0.49, 95%
CI 0.25-0.96; P=.004). However, there was no significant
difference between the App nonused cohort and the Pre-App
cohort (OR 1.38, 95% CI 0.86-2.22; P=.18) in terms of adjuvant
radiotherapy.

Adjuvant Target Therapy
Among 1028 patients with HER2-positive breast cancer, 118
(11.48%) patients violated the anti-HER2 treatment strategy.
The nonadherence rates were 13.4%, 8.1%, and 6.6% in the
Pre-App, App nonused, and App used cohorts, respectively
(P=.02; Table 3; Table S5 in Multimedia Appendix 1). In
multivariate analysis, only diagnosis year, age >70 years, and
educational level were independent factors of treatment
adherence (Table S6 in Multimedia Appendix 1). However, app
use was not independently associated with MDT adherence to
adjuvant targeted therapy (P=.76).
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Adjuvant Endocrine Therapy
A total of 3337 patients received a diagnosis of hormone
receptor–positive breast cancer, among whom 256 (7.67%) did
not follow the doctors’ recommendations for endocrine therapy
within the follow-up period. The noncompliance rates were
8.8%, 6.5%, and 3.6% in the 3 groups (P<.001; Table 3; Table
S7 in Multimedia Appendix 1). Multivariate analysis revealed
that patients with early diagnosis years, aged >70 years, and
with luminal-B–like (HER2-positive) breast cancer were less
likely to adhere to the endocrine therapy recommendation (Table
S8 in Multimedia Appendix 1). The use of the app was not
significantly associated with treatment compliance (P=.54).

Subgroup Analysis
Subgroup analyses of MDT-recommended treatment compliance
according to clinicopathological parameters were also performed
(Figure 5). Age (interaction P<.001), menopausal status
(interaction P<.001), and comorbidity (interaction P=.007) were
significantly associated with app use and MDT compliance. In
patients older than 70 years, those who did not use the app were
more likely to be nonadherent (OR 2.01, 95% CI 1.31-3.09;
P<.001). Meanwhile, use of apps was associated with better
adherence in postmenopausal patients (OR 0.54, 95% CI
0.38-0.77; P<.001) and patients with comorbidities (OR 0.46,
95% CI 0.28-0.74; P<.001). However, there were no significant
interactions between the group setting and cancer-related
characteristics, including the molecular subtype or tumor, lymph
node, and metastasis stage.
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Figure 5. Effect of the app use on multidisciplinary treatment compliance in the entire population and stratified according to clinicopathological features.
Odds ratios (OR) and 95% CIs for multidisciplinary treatment compliance (an OR<1 indicates a higher compliance rate) are shown. The compliance
rate of patients in the Pre-App cohort was used as a reference. CIs have not been adjusted for multiple comparisons. Significant interactions were
observed between patient groups and age, menopausal status, as well as comorbidities. ER: estrogen receptor; HER2: human epidermal growth factor
receptor-2; OR: odds ratio; PR: progesterone receptor.

Discussion
Principal Findings
In this study, we included 4475 patients with early-stage breast
cancer who had undergone an MDT discussion after surgery
and found that sociodemographic factors together with
clinicopathological factors were associated with MDT
compliance in terms of adjuvant treatments. More importantly,
the novel smartphone-based app designed for full-course
management of patients with breast cancer could improve
patients’ adherence to MDT recommendations for adjuvant
treatment, which will help us better manage breast cancer
adjuvant treatment after MDT and improve disease outcomes
for these patients.

MDT in Breast Cancer
Currently, MDT has gradually become an integral part of
standardized treatment modalities for breast cancer worldwide.
It could be conducive to evidence-based decisions for clinicians
and provide a convenient medical treatment process for patients
[15,16]. Our previous studies demonstrated that MDT discussion
https://www.jmir.org/2021/9/e27576
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could also lower the relative risk of relapse by 16% and the risk
of death by 11% in patients with breast cancer [7]. However, a
major difficulty after the MDT meeting and during the treatment
process was maintaining patient compliance. Data from the
Pennsylvania and Florida cancer registries demonstrated that
nearly 30% of the patients did not pursue the recommended
treatment. The reported nonadherence rate during the 5 years
of adjuvant endocrine therapy ranged from 10% to 40% [17-20].
Our study reported a nonadherence rate of 14.6%, and real-world
nonadherence to adjuvant therapy may still be underestimated
because of loss of patient follow-up and self-reporting methods
[8].

Treatment Noncompliance in Breast Cancer
Influence Factors of Noncompliance
Noncompliance is a complex and multifaceted phenomenon
that is influenced by demographic, socioeconomic,
psychological, and clinical-related factors [21-24]. Several
studies including our study have documented that age-specific
factors were associated with a lower compliance rate [17,25,26].
This was because weakness and fragility due to old age may
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influence tolerance to medical interventions. Regarding
disease-related factors, receiving axillary lymph node dissection
(ALND), HER2-positive, unfavorable molecular subtype, and
advanced tumor, lymph node, and metastasis stage were
associated with lower compliance. These patients usually require
more complex and aggressive regimens, and their confusion
about the therapeutic procedure as well as anxiety about adverse
reactions may lead to treatment absence [27]. Moreover, the
literature reported that health insurance and employment status
were correlated with intravenous chemotherapy adherence
[28,29]. Our study demonstrated that educational level was an
influencing factor of compliance. These results indicate that
economic level was positively related to treatment adherence.
Jacobs et al [30] found that cancer-related symptom severity,
but not sociodemographic or psychosocial constructs, could
influence patients’ compliance with oral chemotherapy. The
size of enrollment and the delivery method of chemotherapy
may have caused differences between the studies. Furthermore,
the modifiability of psychological status renders it a key to
improving patient compliance [31], but we failed to include this
factor in the study because of the difficulty in emotional
evaluation during regular follow-up.

Interventions to Improve Patients’ Compliance
Withdrawal from treatment was associated with increased
recurrence and impaired survival [32]. Our previous study
showed that noncompliant patients had 1.8 times the risk of
disease relapse and 2.5 times all-cause mortality than those who
received the planned treatment [7]. Thus, tailoring enhanced
interventions to improve patient adherence is of great
importance. Liu et al [33] showed a large difference in patient
adherence (59% vs 94%) between those receiving
provider-patient communications and those not receiving
provider-patient communication. In SWOG S1105,
unidirectional text messaging failed to reduce the early
discontinuation of adjuvant aromatase inhibitor therapy in
women with early-stage breast cancer, suggesting that long-term
adherence may call for personalized behavioral interventions
and sustained management [34]. A meta-analysis by Lin et al
[35] analyzed the influence of psychosocial factors on oral
anticancer medication adherence in patients with breast cancer
and indicated that using patient-centered interventions and
building sustainable relationships may contribute to improved
compliance.

Mobile Health Apps
Purpose of Mobile Health Apps
During the treatment process, patients may face complex
procedures, unfamiliar treatment-related effects, and numerous
changes in psychology and lifestyle. Thus, they need a platform
to interact with medical workers, provide feedback on
treatment-related problems, and gain informational support.
With the popularization of mobile communication, a number
of mobile health apps designed for prevention and early
diagnosis of disease, management of disease, and survival
support and enhancement, greatly facilitate breast cancer health
care. As acknowledged, the treatment of breast cancer involves
more than surgery; thus, our app was designed for the
management of postoperative treatment. Until 2018,
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approximately 600 apps were designed for breast cancer
prevention and management [36]. Those apps designed for
providing disease-related information, managing disease, raising
awareness, and preventing disease, and the majority of the target
population of these apps were patients with breast cancer.

Features and Innovations of Our App
We published an app that engages physicians and oncology
nurses in the long-term management of patients after surgery.
Our app relies on the most popular social networking platform
in China-WeChat, and patients do not need to download and
install the software, which ensures convenience and
accessibility. Meanwhile, the app was connected to our MDT
decision support system [37], and the treatment information of
patients can be directly imported into the full-course
management app system without manual operation, which could
improve efficacy and reduce errors. More than half of the
previous apps were developed by nonmedical professors, which
may leave concerns regarding the accuracy and validity of the
information [36,38]. Our app was designed by health care and
computer science professionals, which ensured the credibility
of the information and reliability of operation. Several studies
have reported that mobile intervention only had modest effects
on patients’ actual behavior, especially using the most common
type of intervention-text messaging [34,39]. We found that after
adjusting for the diagnosis year, patients using the
smartphone-based full-course management app had a
nonadherence rate of only 9.1%, lower than 17.6% in the
Pre-App cohort, and 13.24% in the App nonused cohort. The
effectiveness of our app may be because, in addition to regular
treatment reminders, it supports interactive communication
between patients and specialist nurses, which enables the
patients to resolve the problem during treatment in a timely
manner. The importance of two-way communication has also
been demonstrated by Hwang et al [40], who designed an
e-monitoring app allowing patients to upload the picture of
wounds and consulting doctors on web, and it can decrease the
number of clinical visits.

Patient Engagement
Patient engagement was expected to be related to the
effectiveness of the digital intervention. Perski et al [41] found
that the target behavior, as well as the mechanism of action,
may influence engagement. At present, there is a lack of a
uniform standard definition of engagement. In this study, we
defined the use by logging detected from the backstage system
for at least one time, as well as the reasons for patients not to
use this app, including not owning a smartphone, older age,
being treated in the local hospitals, and refusing to follow the
MDT recommendation. Stubbins et al [42] emphasized the
importance of providing real-time feedback via the app to
improve patients’ engagement and adherence. Our app has a
feedback function, tending to investigate and improve user
experience. A previous review summarized studies using
interventions to improve patients’ endocrine therapy drug
uptake, which should last for years, and all published studies
failed to prevent medication discontinuation [43]. Our app was
also not effective for targeted or endocrine therapy. Indeed, with
the prolongation of treatment, user retention for
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smartphone-based apps is another great challenge [44], and
further efforts are still needed to minimize user fatigue to
enhance patients’ long-term engagement.

Economic Factors
There has been growing interest in economic evidence. Although
our app is funded by a government project and is completely
free for the public to use, the economic status could still
potentially influence the use of mobile communication.
However, there is a lack of uniform standards to evaluate the
economic outcomes, and cost-effectiveness analysis is still
insufficient [45,46].

Limitations
In this study, we developed a novel and effective
smartphone-based app that can decrease patients’
prescription-deviating behaviors during treatment. One strength
of this study is the large sample size of the included patients.
There are several other potential limitations of this study. First,
as a retrospective study, there may be a selection bias among
patients. Thus, a prospectively designed study is warranted to
validate the influence of this app on patient adherence and
long-term survival. Second, there is still a lack of standard
methods for evaluating adherence. Further efforts are needed
to achieve consensus in the assessment of compliance, including
time, frequency, and detection method. Third, the economic
status of patients was difficult to assess in this study, which
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may have greatly influenced the results. Tailoring appropriate
criteria to evaluate the financial situation of patients should be
considered in the future. Last but not least, the follow-up time
is still too short for some of the patients right now because they
have not completed adjuvant endocrine therapy for at least 5
years, and the results of continued follow-up are worth
expecting. There were also some points that deserve
consideration in the development of health care–related apps.
First, standardized quality measures for medical apps are
lacking, and corresponding scales or rules should be developed.
The apps should be comprehensively measured and rated by
medical workers, software engineers, and users to improve the
quality of apps. Second, the economic impact and long-term
effectiveness of apps should be constantly tracked, and novel
features warrant consideration to meet patients’ needs and ensure
user engagement.

Conclusions
We included a large number of patients with early-stage breast
cancer within the MDT discussion and found that treatment
adherence was independently associated with smartphone-based
app use, which can serve as a useful intervention to improve
patient compliance with MDT. Prospective studies are needed
to validate the effectiveness of smartphone-based full-course
management apps in improving patient outcomes to integrate
this app into routine MDT clinical practice for breast cancer.
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Abstract
Background: Supporting healthy lifestyle changes is a key aim of cardiovascular and pulmonary rehabilitation programs. SMS
text messaging programs have demonstrated effectiveness in cardiovascular disease risk reduction, weight loss, increasing physical
activity, and smoking cessation. The optimization of SMS text messaging programs may deliver greater population benefits as
mobile phone use becomes ubiquitous. Visual messaging (ie, image-based messages) has the potential to communicate health
messages via digital technology and result in enhanced engagement.
Objective: This study aims to determine and understand patient preferences for lifestyle-focused visual text messages that
support cardiovascular and pulmonary rehabilitation.
Methods: A discrete choice experiment was conducted in a 4-stage iterative process to elicit patient preferences for visual
message features. Attribute and level development yielded 3 attributes (purpose, image type, and web address), and 16 choice
sets were subsequently constructed according to a full factorial design. Patients participating in cardiovascular and pulmonary
rehabilitation were surveyed (on the web) for their preferences regarding the visual message choice sets. Respondents were asked
to choose among 16 pairs of visual messages regarding key lifestyle behaviors, namely, physical activity and nutrition. The data
were analyzed using a conditional logit model.
Results: There was a total of 1728 observations from 54 unique respondents. Two factors that were associated with patient
preference were gain-framed purpose compared with no purpose (odds ratio [OR] 1.93, 95% CI 1.40-2.65) and real images
compared with cartoon images (OR 1.26, 95% CI 1.04-1.54). A loss-framed purpose was less preferred than no purpose (OR
0.55, 95% CI 0.42-0.74). Overall, patients preferred positive images that were colorful and engaged with text that supported the
image and had a preference for images of real people rather than cartoons.
Conclusions: A discrete choice experiment is a scientific method for eliciting patient preferences for a visual messaging
intervention that is designed to support changes in lifestyle behaviors. SMS text messaging programs that use visual aids may
result in greater patient satisfaction by using a gain frame, using real images, and avoiding a loss frame. Further research is needed
https://www.jmir.org/2021/9/e26224
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to explore the feasibility of implementation and the health and behavioral outcomes associated with such visual messaging
programs.
(J Med Internet Res 2021;23(9):e26224) doi:10.2196/26224
KEYWORDS
mHealth; cardiovascular disease; respiratory disease; visual communication; lifestyle change; consumer preferences; secondary
prevention; rehabilitation; persuasive health technology

Introduction
Background
Noncommunicable diseases (NCDs) are the leading cause of
disease
burden
worldwide
[1].
Two
major
NCDs—cardiovascular disease (CVD) and chronic respiratory
disease—have negative impacts on quality of life [1], health
care costs [2], and worker productivity [3,4]. NCDs are generally
defined by their persistent effects on health, which require
long-term management [5]. NCD disease burden is largely
manageable by addressing the following four key modifiable
risk factors: tobacco use, alcohol misuse, physical inactivity,
and diet [5]. Chronic disease management programs, also known
as rehabilitation, offer group exercise and education sessions
with the aim of improving key modifiable risk factors [6,7].
The benefits of both cardiac and pulmonary rehabilitation are
well evidenced, which include reduced mortality, improved
quality of life, and reduced hospital admissions [7,8]. However,
uptake and attendance rates are poor, estimated to be between
10% and 30% globally [9,10] because of logistical barriers of
time and distance [11,12].
The rapid advancement of mobile technology presents an
opportunity to increase participation in existing rehabilitation
programs and support self-management. There are >4.7 billion
mobile phone users worldwide [13], and SMS text messaging
has become an inexpensive and simple way for people to
communicate. Strong evidence supports the effectiveness of
SMS text messaging interventions to promote smoking cessation
[14], weight loss [15], and increased physical activity [16]. A
randomized controlled trial is currently underway to evaluate
the effectiveness of a text message support program for patients
with CVD and chronic respiratory disease [17]. This is based
on a previous randomized controlled trial, the Text Me study,
which showed that a lifestyle-focused SMS text messaging
intervention was effective in improving cardiovascular risk
factors in patients with coronary heart disease [18]. Given that
visual aids have been found to enhance the engagement and
understanding of health messages [19], it is possible that a visual
messaging program could demonstrate similar, if not better,
outcomes to previous SMS text messaging interventions for
different populations; however, this is a relatively unexplored
area. Researchers have explored the application of visual aids
in technologies aimed at healthy behavior change, such as
websites [20,21] and mobile apps [22-24]. However, there is a
paucity of research investigating how visual aids may look like
in a mobile messaging format. To the best of our knowledge,
only one other study [25] has examined whether visual-based
mobile phone messages could be used to support healthy
lifestyle behavior change. However, this was tested in a cohort
https://www.jmir.org/2021/9/e26224
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of young, healthy university students with no chronic disease,
and the messages were stylistically simple. Therefore, we
explored the feasibility of an infographic-style visual message
containing both images and text. As an infographic-style visual
message is made up of many characteristics (eg, color, type of
image, and intention), we also investigated patient preferences
with regard to the differing characteristics of this specific format.
This project, which explored the use of visual aids in mobile
messaging, represents a novel expansion in the growing field
of persuasive health technology, which aims to use technology
to support positive behavior change [26].
Understanding patient preferences regarding various aspects of
SMS text messaging interventions is important for improving
them. Qualitative methods such as focus groups are commonly
used to gather patients’ perspectives, as used by the authors of
the Text Me trial to investigate why participants found the
intervention useful [27]. These methods are robust; however,
when trying to understand what patients like and dislike about
certain features of infographic-style visual messaging (ie,
whether they prefer this type of image over another), alternative
methods may be better suited. For example, one SMS text
messaging intervention used a quantitative method called a
discrete choice experiment (DCE) to elicit patient preferences
for various aspects, such as the frequency of messaging [28].
DCEs are a quantitative survey method and have been used to
measure patient preferences for health care services and products
[29]. DCEs define health care products and services by their
attributes (ie, characteristics), where each attribute has various
levels. For example, one attribute of a health care product could
be price, and its levels could be US $1, US $2, and US $5. DCEs
then present respondents with a choice set containing 2 or more
alternatives to choose from, where each alternative is described
by a different attribute-level combination. When a respondent
chooses an option, their preferences for certain attributes can
be estimated, and the relative weighting of attributes can be
calculated [30]. Although this is a robust preference elicitation
method, no DCEs to date have been used to explore the
preferences for visual messaging in a population of patients
with CVD and chronic respiratory disease.

Objectives
Therefore, the overall aim of this study is to understand the
preferences of patients with CVD and chronic respiratory disease
for lifestyle-focused visual-based messages.
The first objective is to determine which visual messaging
attribute levels were preferred by patients with CVD and chronic
respiratory disease using a DCE. The second objective is to
explore the reasons why patients preferred or not preferred
certain visual messages using a single open-ended question.
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Methods
Study Overview
This study was conducted as part of the process evaluation
component of an integrated text messaging (ITM) study [17].
Ethics approval was obtained from the Ethics Review
Committee of the Sydney Local Health District
(HREC/16/RPAH/362), Sydney, Australia. To address the first
objective of determining which visual messaging attribute levels
influenced participants’ choices, a DCE was conducted. This

Choi et al
DCE followed the ISPOR (International Society for
Pharmacoeconomics and Outcomes Research) guidelines on
conjoint analysis methods [31]. The following stages were
conducted and are described in the following sections: (1) the
development of attributes and levels, (2) survey design, (3)
survey delivery, and (4) data analysis (Figure 1). For addressing
the second objective of exploring the reasons why certain visual
messages were preferred or not preferred over others, a single
open-ended question was asked after each choice set. This is
described in the final section of the Methods section.

Figure 1. The four stages of the discrete choice experiment.

Stage 1: Development of Attributes and Levels
The development of attributes and attribute levels was carried
out in two steps. First, a list of potential attributes was generated
by examining the literature and discussing with experts from
SMS text messaging interventions (AT, JR, and RR) [32,33].
Eight attributes were identified on the basis that patients might
find them preferable: education (simple steps on how to perform
a behavior) [28], framing (explaining the positive or negative
outcomes of performing a behavior) [34-36], call to action (a
command to perform a behavior) [37], testimonial (stories of
similar people performing certain behaviors), color, mood (the
overall emotional feeling), URL (a link to a web address), and
a credibility indicator (acknowledgment of information as
coming from a credible source) [28]. After the attributes were
identified, they were reviewed independently by the research
team (AT, JR, and RR), and their suggestions were then
incorporated into the revised list of attributes and levels.
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Following DCE guidelines [29], which recommend no more
than 6 attributes to minimize survey burden, we combined
similar defined attributes. For example, the URL and credibility
attributes were combined into a new attribute, URL to a credible
source, because the internet site used was of high quality. Where
attributes could not be combined together, they were redefined
as attribute levels. For example, the attributes color, mood, and
framing were redefined as levels gain-frame and loss-frame
underneath a new attribute called purpose. A visual message
with the gain-frame attribute level was specified by bright,
saturated colors to create a positive mood and contained text
explaining the benefits of performing the health behavior. On
the other hand, a visual message with the loss-frame attribute
level was specified by dark, unsaturated colors to create a
negative mood and contained text explaining the losses of not
performing the health behavior. The final list of attributes and
levels derived from this iterative process is outlined (Textbox
1).

J Med Internet Res 2021 | vol. 23 | iss. 9 | e26224 | p.451
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Choi et al

Textbox 1. Included attributes and levels of this discrete choice experiment.
Message purpose
•

None (no additional information)

•

Educational (simple instructions for performing health behaviors)

•

Gain-frame (benefits of health action are explained)

•

Loss-frame (losses of not performing health action are explained)

Image type
•

Not real-life images (eg, cartoons, icons, and stick figures)

•

Real-life images (eg, real-life people, objects, and places)

URL link
•

Without (no web address provided)

•

With (web address provided)

Stage 2: Survey Design
Given the small number of attributes and levels (3 attributes at
4, 2, and 2 levels), we decided to use a full factorial design
consisting of 16 choice sets. However, no orthogonal array was
available to fit this design, and so, the idefix package (Rstudio
Inc v3.6.0) [38] was used to generate an appropriate survey
design that randomized and balanced the various attribute-level
profiles. The result was a DCE design with a DB-error (Bayesian
D-error) efficiency of 0.4%. Once the survey design was
specified, visual messages were crafted according to the required
attribute-level combinations of each choice set. The content of
the visual messages was sourced from the original SMS text
messages developed for the ITM study (developed based on the
published process) [17,39] along with stakeholder websites.
The ITM SMS text messages themselves were developed based
on the behavior change taxonomy of Michie et al [40].
Therefore, our visual messages were directly adapted from these
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original ITM SMS text messages. The first 8 choice sets centered
around the message go walking, and the latter 8 centered around
eat healthy. Visual messages were constructed according to the
level specified for each attribute. For example, for the attribute
levels educational, nonreal, and with URL, the actions required
to follow the proposed health behavior would be explained, a
cartoon image would be inserted, and a URL link would be
attached (Figures 2 and 3). Similarly, for the attribute levels
gain-frame, real image, and without URL, a real-life photograph
would be inserted, and bright saturated colors would be used
to emphasize the benefits of taking that certain health action
(Figures 2 and 3). Different variations in font, sizing, and layout
were considered for each visual message. After an iterative
design process for refinement, 32 visual messages were selected.
Each choice set was preceded by the question stem “If you were
going to improve your diet or your level of physical activity,
which visual message would you prefer to receive?”
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Figure 2. Example of a choice set from the discrete choice experiment survey.

Figure 3. Example of a "go walking" choice set from the discrete choice experiment survey.
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Stage 3: Survey Delivery
Before the delivery of the web-based survey to participants, it
was pilot tested among the research team. The aim was to
explore the acceptability of the DCE survey, the time taken to
complete it, and the ease of understanding. Once refinements
were made, a link to the web-based survey was sent to 141
participants via their nominated email address. These
participants had already been recruited as part of the ITM study
[17]. Eligible respondents consisted of adults with a medical
history of CVD (including coronary heart disease,
cardiomyopathy, peripheral arterial disease, and stroke) or
chronic respiratory disease (chronic obstructive pulmonary
disease, chronic bronchitis, emphysema, chronic asthma, and
bronchiectasis). These participants were recruited from 6
rehabilitation clinics across Sydney, Australia. Eligible
respondents were identified by clinical rehabilitation staff and
invited to participate in the ITM study. Participants provided
informed consent to participate in message feedback and
improvement. Of the 141 participants, 54 (38.3%) people
responded to the survey. Out of the 54 respondents, 6 (11%)
respondents did not fully complete all questions.

Stage 4: Data Analysis
Overview
Data analysis was informed by the ISPOR guidelines on
appropriate statistical methods for DCEs [41]. Analyses were
performed using SAS v9.4 (SAS Institute). Patient
characteristics were summarized as mean and SD for continuous
variables and number and percentage for categorical variables.
To analyze the DCE, a conditional logit model, also known as
McFadden’s choice model [42], was used, and odds ratios (ORs)
and 95% CIs were estimated. The conditional logit model is
based on the random utility theory, which states that choices
are made because they bring utility to the individual [43]. It was
assumed that the patients would choose the visual message (1
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or 0) that maximizes their utility depending on the attributes.
This was formulated as follows:
U (1, 0) = β1 educational + β2 gain-frame + β3
loss-frame + β4 real image + β5 URL + (1)

Single Open-ended Question
For addressing the second objective, participants were asked
an open-ended question to explore the reasons why certain visual
messages were chosen or not chosen over others. After each
choice set, participants were asked, “What did you like or dislike
about the visual message you have chosen?” Participants typed
their responses in a free text box (Figures 2 and 3). An inductive
thematic analysis was conducted to analyze these responses
[44]. First, the research team familiarized themselves with the
data by reading through the responses. Second, a set of initial
codes was generated, and each response was tagged with one
or more of these codes. As this was an iterative method, new
codes were added as new elements came up in the data. Next,
the codes were grouped under themes, which were defined as
patterns that describe something significant or interesting about
the data. These themes were then reviewed, and definitions were
developed. Overlapping themes were separated, and subthemes
were developed. The interactions between themes were also
examined.

Results
Overview
We received 54 surveys that resulted in a total of 1728
observations.

Respondent Characteristics
Most of the study sample (mean age 69.7 years, SD 8.7) was
male (34/54, 62%), was of White ethnicity (43/54, 84%), and
was diagnosed with CVD (32/54, 59%; Table 1). The median
level of education in the cohort was diploma certification.
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Table 1. Baseline demographic and clinical characteristics (N=54).
Demographic

Values

Age (years), mean (SD)

69.7 (8.7)

Gender, n (%)
Men

34 (62)

Women

20 (37)

Ethnicitya,b, n (%)
White

43 (84)

Aboriginal or Torres Strait Islander, Chinese, Japanese, Malay, South Asianc, Arab or Persian, Black African, Sub- 6 (12)
Saharan African, or Native American Indian
Other

2 (4)

Educationa,d, median (IQR)

5.0 (4.0-7.0)

Clinical disease type, n (%)

a

Diagnosed with CVDe

32 (59)

Diagnosed with chronic respiratory disease

22 (41)

As baseline data were collected from previous medical records, we collected all available data at the time of extraction.

b

Ethnicity data were only available for 51 participants.

c

Bangladesh, India, Nepal, Pakistan, or Sri Lanka.

d

Education data were only available for 51 participants.

e

CVD: cardiovascular disease.

Visual Messaging Attribute Levels That Influenced
Preferences
As per the first objective, a DCE was used to determine which
visual messaging attribute levels influenced preferences.
According to the conditional logit model, the following three
attribute levels significantly influenced participant preferences:
a gain frame, a loss frame, and real images. Visual messages

with a gain-framed purpose were approximately 93% more
likely to be chosen over messages with no specific purpose (OR
1.93, 95% CI 1.40-2.65; Figure 4). Conversely, visual messages
with a loss-framed purpose were approximately 45% less likely
to be chosen than messages compared with no purpose (OR
0.55, 95% CI 0.42-0.74). Visual messages with a real image
were 26% more likely to be chosen than messages with a nonreal
image (OR 1.26, 95% CI 1.04-1.54).

Figure 4. Attribute levels of visual messages, which influenced participant choice.
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Reasons for Choosing Certain Visual Messages
As per the second objective, an open-ended question was asked
after each choice set to explore the reasons why certain visual
messages were preferred over others. The inductive thematic
analysis resulted in the following six themes and subthemes:
positive emotions (positivity, healthy, and cheerfulness), visual
appeal (colorful, engaging image, high brightness, and high

Choi et al
contrast), ease of understanding (clarity, large font, relationship
between image and message, and concise), usefulness (benefits
explained, informative, encouraging, and URL link), image
reality (natural beauty, real people, and real food), and disliked
features (forced to make a choice, irrelevant, condescending,
negative emotions, and ignoring mental health). Illustrative
quotations are provided in Table 2, and the conceptual patterns
and relationships among the themes are shown in Figure 5.

Table 2. Illustrative quotations of what participants liked and disliked about the visual messages.
Theme

Quotations

Participant characteristics (gender,
age, and disease type)

Positivity

“Stands out with a more positive vibe.”

Male, 56 years, COPDa

Cheerful

“Much cheerier–colour probably.”

Female, 66 years, CVDb

Colorful

“Bright colours encourage people to look, read and absorb idea.”

Male, 53 years, CVD

Engaging image

“Photo of good-looking food makes me want to eat better.”

Female, 57 years, COPD

“Clear. Easy to read.”

Male, 29 years, CVD

Relationship between image and mes- “Photos supported text clearly and effectively. Good clear message
sage.”

Male, 48 years, CVD

Positive emotions

Visual appeal

Ease of understanding
Simplicity

Usefulness
Benefits explained

“It explains what the things [benefits] that you can get from
walking.”

Male, 43 years, COPD

URL link

“Links to Heart Foundation [website].”

Male, 36 years, CVD

Image reality
Nature images

“The real outdoor picture instantly draws you to a feeling of health, Female, 42 years, COPD
fresh air and sunshine.”

Real people

“I’d rather see photos of people than cartoonish drawings. The
other option is very unattractive!”

Female, 66 years, CVD

Forced to make a choice

“Neither is that good. Need to give reason rather than lecture or
order exercise.”

Male, 56 years, CVD

Condescending or offensive tone

“Both are terrible assuming people are idiots.”

Female, 57 years, CVD

Negative emotions

“Yet again try to stay away from negative images.”

Male, 40 years, CVD

Features disliked

a

COPD: chronic obstructive pulmonary disease.

b

CVD: cardiovascular disease.
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Figure 5. Illustrative quotations of what participants liked and disliked about the visual messages.

Discussion
Principal Findings
To our knowledge, this is the first study to examine the
preferences of patients with CVD and chronic respiratory disease
for varying characteristics of lifestyle-focused visual-based
messages to be sent digitally. As per the first objective, this
study used a DCE to determine whether 3 visual messaging
attribute levels significantly influenced participant preferences:
gain frame, loss frame, and real images. As per the second
objective, this study analyzed the responses to a single
open-ended question and discovered the reasons for choosing
or not choosing certain visual messages. The reasons for
choosing a visual message included positive emotion, visual
appeal, image reality, ease of understanding, and usefulness.
The reasons for not choosing a visual message included
irrelevant information, condescending tone, and negative
emotions. These findings have important design implications
for infographic-style health messages, suggesting that
gain-framed messages with lifelike photos are likely to be well
received by patients with CVD and chronic respiratory disease.

Comparison With Prior Work
This study found that framing had a strong influence on
participants’ preferences; gain-framed messages were liked,
and loss-framed messages were disliked. This proclivity toward
gain framing and aversion to loss framing is a well-known
phenomenon reported in the health communication literature.
It is unclear why framing effects occur. Therefore, understanding
how framing can effect preferences may inform future
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implementation of visual messaging programs. It has been
suggested that the framing effect depends on the type of
behavior being communicated. For example, Rothman and
Salovey [45] discovered that gain-framed messages are more
effective than loss-framed messages in promoting
disease-preventing behaviors. In support of this idea, a
meta-analytic review of 94 studies demonstrated that
gain-framed messages were slightly more effective than
loss-framed messages in promoting disease-preventing behaviors
[46]. Rothman and Salovey [45] also discovered that loss-framed
messages were more effective than gain-framed messages in
promoting disease-detecting behaviors. They proposed that this
occurs because of prospect theory [47], which states that people
will be risk averse when considering actions with guaranteed
benefits and risk seeking when considering actions with potential
losses. In this study, two disease-preventing behaviors (walking
and healthy eating) were communicated to participants, and it
was found that gain-framed messages were preferred. In line
with the work of Rothman and Salovey [45], we suggest that
the observed framing effect is because of the fact that the
behaviors being promoted are disease preventing and that if
they were disease-detecting behaviors, then loss-framed
messages would be preferred over gain-framed messages.
Therefore, when incorporating framing appeals into health
messages, it is important to consider what type of behavior is
being advocated so that the message is well received by
participants.
Another line of research has proposed that framing effects may
depend on the individual’s disposition. For example, Covey
[48] suggested that framed messages that are congruent with
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an individual’s motivation are likely to be preferred, that is,
gain-framed messages are more persuasive when the recipient
is reward oriented, and loss-framed messages are more
persuasive when the recipient is threat aversive. It is unknown
what the motivational status of this population is, although some
evidence suggests that the patients undergoing cardiac
rehabilitation are likely to be threat aversive as they have
undergone a major coronary event and would want to avoid it
again in the future [19]. In that case, the findings of this study
contradict the findings of Covey [48]; however, this is difficult
to tease out, as we do not know whether this population is threat
aversive or reward oriented. Therefore, it is unknown whether
the framing effects in this study are mediated by the disposition
of the participants. Future research is needed to test whether the
motivational status of people with chronic diseases might
mediate framing effects.
In discussing framing effects, one study found little impact
because of message framing. Niu et al [25] examined the impact
of framed SMS text messages on encouraging healthy eating
practices. They discovered that participants’ cognitive responses
did not differ between gain-framed and loss-framed messages,
that is, there was no observable difference because of framing.
However, there are at least 3 factors that may explain the
discrepancy in findings between this study and the study by Niu
et al [25]. First, the studies had different aims; this study sought
to understand one’s choices, and the other examined one’s
cognitive processes. Second, different methodologies were used;
this study used a DCE, and the other study used a questionnaire.
Finally, the samples were different demographically and
clinically; this study examined an older cohort with chronic
disease, and the other study examined a group of young, healthy
undergraduates. These three factors may explain why this paper
discovered a strong response to framing and why Niu et al [25]
saw virtually no response to framing.
Although framing was an influential design attribute, there were
other factors that may have accounted for the large difference
in preferences for gain-framed and loss-framed messages. For
example, certain colors may have attracted some respondents
to that particular visual message. In this DCE, bright saturated
colors were used when designing gain-framed messages. In
contrast, dark colors were used when designing loss-framed
messages. The purpose of the color was to accentuate the
respective gains and losses that the supposed action would bring.
Color, hue, and saturation preferences have been demonstrated
[19,49], which may have influenced the participants’ choices.
The findings of the thematic analysis support the idea that
messages with positive colors are preferred. Therefore, the
strong preference for gain-framed messages was likely
influenced by the use of positive colors.
Our results highlight that adapting messages into a digital visual
format requires the consideration of several design features. For
example, the use of images is a key design feature. As the digital
age advances, capturing and communicating photographs will
become easier and can be used in mobile health (mHealth)
interventions. Although it is understood that visual media can
impact the processes leading to behavior change [19,25], no
studies to date have examined whether the type of image might
have a different impact. This study found preferences for real
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images over nonreal ones in a population of cardiac and
pulmonary rehabilitation patients. It is known that photos of
people are powerful, persuasive tools as viewers can establish
a relationship with the subject [50,51]. They elicit immediate
emotional reactions that can affect their behavior. The effects
of visual images on behavior change have also been reported
when there are demographic similarities between the subject in
the photograph and the viewer [52]. It is unknown whether this
effect also applies to patients with chronic diseases. Future
studies can examine whether visual image tailoring may
influence the reception of visual messages.
Text is another important element of visual messages. In this
study, we paired brief textual information with images. In
general, participants preferred these messages to messages with
no text as the text explained the visual message of the photo in
a manner that was simple and easy to understand. This finding
adds to the current understanding of effective infographic-style
health messages. In fact, simplicity as a design principle has
been identified as an important factor influencing user
acceptability of mHealth technologies in patients with CVD
[53]. However, messages that were too simplistic and contained
no textual information were generally disliked. Instead, what
patients seemed to prefer was a textual message that gave
meaning to the visual aid in a clear and concise way. Factors
such as font sizing, colors, layout, and positioning all contribute
to how the text in a visual message is perceived and should be
carefully considered to maximize clarity.
An interesting feature (further research to evaluate) used in this
study’s visual messages was a URL link. The purpose of this
was to act as a means for people to pursue more information.
The presence of the URL link also serves as a credibility
indicator. The addition of a URL link is a benefit of SMS text
messaging as a communication modality. Not only can
respondents see the website address, but those with internet
capabilities are also able to follow the link immediately and
view the website’s information. The findings from this study
were aligned with those of past studies examining the role of
visual aids in supporting chronic disease education. Visual aids
have been used across a variety of formats, including print
materials, websites, and mobile apps, to support the education
of patients with CVD and chronic respiratory disease
[20,22,24,54-57]. However, it is unknown whether visual-based
messages can be used. The findings from this study suggest that
there is great potential for visual messages that combine real
images with a simple lifestyle-focused message to be well
received by patients undergoing chronic disease rehabilitation.
The strength of this study lies in its DCE methodology. DCEs
have many advantages over traditional surveys in eliciting
preferences. First, DCE is an accepted survey method. The
benefit is that best practice guidelines were able to be followed
both in experimental design and also in statistical analysis
[31,41]. Although the DCE originated in economics [30] and
has been widely used to determine preferences for health
services and products [29], this is the first instance of a DCE
being used to explore the preferences for visual messaging. This
only highlights the versatility of a DCE and its future potential
to be used more widely in examining patient preferences in the
field of mHealth interventions.
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Another key advantage of DCE is its quantitative analysis.
Rather than using a traditional questionnaire that yields
qualitative results, DCE can measure preferences [29]. Of
course, learning about patient preferences is enhanced by both
qualitative and quantitative methods. In fact, qualitative methods
such as focus groups are highly recommended when developing
an initial idea of attributes, which the target population may
care about [33]. The full power of the DCE is realized when the
attributes are numeric. This allows for powerful analyses, where
choice can be graphed as a dependent variable of attribute
variables. However, in this study, the attributes were categorical
variables (message purpose, image type, and URL link); thus,
this type of analysis was not possible. Nevertheless, quantitative
results were obtained in the form of an OR, allowing the relative
size of the attributes to be ascertained.
DCE is also a robust method, as it indirectly measures
preferences. Participants were asked to choose the message they
preferred but not directly told of the different attributes that
comprised each message. This reduced participants’ bias, as
they have to consider which message they actually prefer by
comparing the two. Alternative preference elicitation methods
could have also been used. For example, multiprofile best-worst
scaling is a method in which the participant is asked to rank
several choices from best to worst [58]. A variant of this method
is single-profile best-worst scaling, in which a participant is
presented with a single option and asked to state the best and
worst aspects. Therefore, the DCE is a robust quantitative
method that holds great potential for future studies on patient
preferences for mHealth interventions.

Limitations
One of the limitations of this study was the lack of a no-choice
alternative. Participants were offered to choose between two
visual messages with no choice to opt out. This is an important
limitation as thematic analysis of the free text responses revealed
that some participants did not like either visual message,
suggesting that they would have likely chosen the opt out if it
was offered. In choice sets where there was no clear preference
for the participant, an opt out would improve the validity of the
results and better reflect their preferences. Therefore, future
DCEs exploring patient preferences for visual messaging should
use a no-choice alternative.
Another limitation of this study was that some attributes might
have been missed in the DCE. Attribute selection is an important
step in running a DCE [31]. However, as DCEs work best when
focusing on only a few attributes, other attributes may have
been excluded from the survey. Therefore, there may have been
attributes that influenced patient preferences but were not tested
in the DCE. To ensure that all attributes are captured in the
survey, it is useful to use qualitative methods, such as focus
groups and interviews [33]. Owing to COVID-19, these
face-to-face qualitative methods were not possible, limiting the
scope of possible attributes that this DCE could have examined.
In the future, given the uncertainties of the current health
situation, we would like to conduct qualitative interviews over
the phone or via videoconferencing to obtain valuable participant
input in the development of visual messages.
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In relation to the design of the visual messages, although they
were developed using a systematic and iterative process, we did
not pilot test them before seeking consumer feedback. Therefore,
we have identified this as a limitation and, in the future, would
like to test different variations of font, sizing, and layout to
determine optimal combinations. In relation to the 87
participants who were sent the survey link but did not open it,
there is no way of knowing their preferences, so we cannot
assume that they disliked the messages from the fact that they
did not open the survey.
The fourth limitation was the number of choice sets. The DCE
guidelines state that the ideal number of choice tasks is 8-16
[29]. This survey was constructed with 16 choice tasks, which
were thought to be an acceptable length for respondents.
However, there were a number of partially completed surveys,
suggesting that there were too many choice tasks. Therefore, a
shorter survey may have resulted in more completions. Instead
of using a full fractional design, future DCEs should use a
fractional factorial design, which will allow the number of
choice tasks to be reduced so that the survey is less burdensome
to participants.
The strength of the investigation was limited by the small sample
size. Therefore, the results are not generalizable to a wider
population of people undergoing both cardiac and pulmonary
rehabilitation. The small sample size also meant that data
analysis was limited. In this study, a conditional logit model
was used to examine the associations between the choice
outcome and the visual message attributes [42]. With a larger
sample size, a different model could have been used, namely,
a multinomial logit model, which examines associations between
the choice outcome and demographic characteristics as well as
the visual message attributes. Other DCEs have used a
multinomial model to examine whether preferences are
influenced by age, sex, ethnicity, income, and education [28].
Future DCEs with sufficiently large sample sizes should
investigate the effect of demographics on preferences. Finally,
a limitation arises from the fact that this research was an
additional substudy with recruitment from the ITM trial, which
was not specifically designed to test visual messages [17].

Conclusions
This study explored the preferences for lifestyle-focused visual
messages in patients with CVD and chronic respiratory disease
and found that message framing and image type were important
characteristics. Framing was the most important factor that
influenced preferences. A strong preference for gain-framed
messages with real images was shown. As such, when designing
visual messaging interventions for patients with chronic
conditions, these attributes may influence the acceptability of
messages. Owing to COVID-19 restrictions, the DCE was
delivered on the web. Further research is needed to deliver visual
media content using digital technology and determine whether
the identified preferences actually hold. Future studies can
examine the implementation of these visual messages and their
effects on chronic disease rehabilitation health and behavioral
outcomes.
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Abstract
Background: Health and fitness apps have potential benefits to improve self-management and disease control among patients
with asthma. However, inconsistent use rates have been reported across studies, regions, and health systems. A better understanding
of the characteristics of users and nonusers is critical to design solutions that are effectively integrated in patients’ daily lives,
and to ensure that these equitably reach out to different groups of patients, thus improving rather than entrenching health inequities.
Objective: This study aimed to evaluate the use of general health and fitness apps by patients with asthma and to identify
determinants of usage.
Methods: A secondary analysis of the INSPIRERS observational studies was conducted using data from face-to-face visits.
Patients with a diagnosis of asthma were included between November 2017 and August 2020. Individual-level data were collected,
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including age, gender, marital status, educational level, health status, presence of anxiety and depression, postcode, socioeconomic
level, digital literacy, use of health services, and use of health and fitness apps. Multivariate logistic regression was used to model
the probability of being a health and fitness app user. Statistical analysis was performed in R.
Results: A total of 526 patients attended a face-to-face visit in the 49 recruiting centers and 514 had complete data. Most
participants were ≤40 years old (66.4%), had at least 10 years of education (57.4%), and were in the 3 higher quintiles of the
socioeconomic deprivation index (70.1%). The majority reported an overall good health status (visual analogue scale [VAS]
score>70 in 93.1%) and the prevalence of anxiety and depression was 34.3% and 11.9%, respectively. The proportion of participants
who reported using health and fitness mobile apps was 41.1% (n=211). Multivariate models revealed that single individuals and
those with more than 10 years of education are more likely to use health and fitness mobile apps (adjusted odds ratio [aOR] 2.22,
95%CI 1.05-4.75 and aOR 1.95, 95%CI 1.12-3.45, respectively). Higher digital literacy scores were also associated with higher
odds of being a user of health and fitness apps, with participants in the second, third, and fourth quartiles reporting aORs of 6.74
(95%CI 2.90-17.40), 10.30 (95%CI 4.28-27.56), and 11.52 (95%CI 4.78-30.87), respectively. Participants with depression
symptoms had lower odds of using health and fitness apps (aOR 0.32, 95%CI 0.12-0.83).
Conclusions: A better understanding of the barriers and enhancers of app use among patients with lower education, lower digital
literacy, or depressive symptoms is key to design tailored interventions to ensure a sustained and equitable use of these technologies.
Future studies should also assess users’ general health-seeking behavior and their interest and concerns specifically about digital
tools. These factors may impact both initial engagement and sustained use.
(J Med Internet Res 2021;23(9):e25472) doi:10.2196/25472
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Introduction
Smart mobile technology has revolutionized how we
communicate, share, and consume content, seeping into many
different sectors of society, including health care [1]. With the
democratization of smartphone use, with 3.8 billion smartphone
users worldwide [2], the market of specific apps has experienced
a boom. Often free, easy to download, and easy to use, mobile
apps have an extensive application in social, educational, and
entertainment fields and naturally in the fields of
self-management and health behavior change [3]. According to
the software application industry, around 500 million
smartphone users worldwide were using a health and fitness
app in 2015; and by 2018, an estimated 50% of the 3.4 billion
smartphone and tablet users, including health care professionals,
consumers, and patients, would have downloaded one [4]. The
total global mHealth market is predicted to reach the US $100
billion mark in 2021, which constitutes a 5-fold increase from
2016 [5]. In this context, it is hypothesized that apps may
become ubiquitous solutions impacting a large number of
patients, often capitalizing on gamification strategies and social
interaction [6]. In particular, health and fitness apps are a
promising approach for improving self-management behaviors
in patients with asthma, a prevalent long-term condition with
potential social and economic impacts [7,8], which requires a
range of self-management skills in everyday life [9]. Indeed,
around 1500 mobile apps are targeting patients with asthma in
both the Apple App Store and the Google Play Store [10]. A
systematic review published by Unni et al [11] suggests that
the use of mobile apps by patients with asthma may have
benefits across a range of outcomes, including medication
adherence and asthma control.
However, the current use of smart devices and apps among
patients with asthma remains unexplored, as emphasized by a
position paper of the European Academy of Allergy and Clinical
https://www.jmir.org/2021/9/e25472
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Immunology, highlighting the lack of published studies on the
use of mHealth in allergic diseases [12]. While there are more
than 100 papers published over the last 5 years, they either
evaluate the characteristics of specific apps (rather than their
use) or focus on the impact of asthma-specific apps.
A recent study reported that smart device ownership levels in
patients with asthma are similar to those of the general
population, that three-quarters of patients had downloaded/used
a general app, yet only one-third had ever used a health and
fitness app [13]. A significant variability exists in usage among
different racial/ethnic and sociodemographic groups.
Nonetheless, this evidence comes mainly from studies conducted
in the United States and does not address specific disease
contexts [14-18]. The use of health and fitness apps in the
asthma context can be explored through the lens of the
conceptual model developed by Andersen et al [19], which
proposes that the use of health services is driven by three
dynamics: predisposing factors (eg, age and gender), enabling
factors (eg, socioeconomic level, education, and literacy), and
need (eg, clinical characteristics and severity of disease).
The purpose of this study is to evaluate the use of health and
fitness apps by patients with asthma and to identify determinants
of usage. Specifically, we will investigate the following: (1) the
proportion of patients with asthma using health and fitness apps
and (2) the relationships among predisposing, enabling and need
factors, and using mHealth apps.

Methods
Study Design
A secondary analysis of INSPIRERS observational studies
involving 32 secondary care centers (allergy, pulmonology, and
pediatrics departments) and 17 primary care centers in Portugal
was performed (Figure 1), as part of the INSPIRERS project.
The design of the INSPIRERS observational studies was
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disseminated through email contacts, social networks, and oral
communications at national meetings/conferences, and
physicians/centers interested in being part of the study contacted
the research team. A convenience sample of adolescents and
adults with persistent asthma was recruited for the INSPIRERS
studies between November 2017 and August 2020. Depending
on the study, each center was asked to recruit a minimum of
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2-10 patients. The 3 INSPIRERS observational studies address
the topic of adherence to asthma inhalers among adolescents
and adults with persistent asthma (Figure 1). Further details on
the project setting and methods have been previously published
[20,21]. This study is reported in accordance with the STROBE
(Strengthening the Reporting of Observational Studies in
Epidemiology) guidelines [22].

Figure 1. INSPIRERS studies flowchart.

Participants and Data Collection
Data were collected using a questionnaire during a face-to-face
visit. The questionnaire had a section to be completed by the
physician addressing patients’ asthma characteristics and a set
of questions to be self-completed by the patient, as detailed
below. Patients were included if they had a previous medical
diagnosis of persistent asthma, were at least 13 years old, and
had an active prescription for an inhaled controller medication
for asthma. Patients were excluded if they had a diagnosis of a
chronic lung disease other than asthma or a diagnosis of another
significant chronic condition with possible interference with
the study aims.
Users and nonusers were defined as individuals who answered
“yes” or “no,” respectively, to the question “Have you ever
downloaded and used a health and fitness app?” Health and
fitness apps were defined as a range of apps related to personal
fitness, workout tracking, diet and nutritional tips, health and
safety, etc. In accordance with the conceptual model proposed
by Andersen et al [19], variables collected included predisposing
factors, enabling factors, and need (Figure 2). Predisposing
factors included demographic data (ie, age, gender, marital
status, parish, and postcode), and enabling factors included
education level, use of smart devices, and digital literacy, both
collected from patients. Digital literacy was defined as the
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median of 5 items of the Media and Technology Usage and
Attitudes Scale (MTUAS, ie, use of the GPS, browsing the web,
taking pictures, gaming, and checking social networks) rated
by frequency of use in a 10-point Likert scale (1=never to 10=all
the time) [23]. Additionally, socioeconomic level was explored
as an enabling factor, which was defined as the Portuguese
ecological deprivation index, extracted from the patient
residence information (civil parish/postcode), and categorized
into 5 quintiles (Q1=least deprived to Q5=most deprived) [24].
Need variables included smoking status, patients’ perceived
overall health status (from EQ-5D Visual Analog Scale [VAS],
ranging from 0 [worst imaginable health state] to 100 [best
imaginable health state]) [25], the presence of anxiety or
depression (cut-off≥8 in the Hospital Anxiety and Depression
Subscales) [26], and physicians’ input, including asthma control
level (uncontrolled, partially controlled, or well controlled
according to the classification of the Global Initiative for Asthma
[27]), number of exacerbations (episodes of progressive increase
in shortness of breath, cough, wheezing, or chest tightness,
requiring a change in maintenance therapy) in the past year [28],
and the number of unplanned appointments in the past year.
Age was categorized into age bands (13-18,18-30, 30-40, 40-50,
50-65, and ≥65 years). Other continuous variables
(socioeconomic level, median digital literacy, and overall health
status) were categorized into quartiles.
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Figure 2. Variables collected included predisposing factors, enabling factors, and need according to the Andersen et al [19]. MTUAS: Media and
Technology Usage and Attitudes Scale; VAS: Visual Analog Scale.

Data Analysis
Counts and proportions were calculated for each variable.
Multivariate logistic regression with the Enter method was used
to ascertain the determinants of being a user of a health and
fitness mobile app (dependent variable) in accordance with
Andersen et al’s [19] conceptual model. Categorical variables,
such as gender, age, marital status, educational level,
socioeconomic level, use of smart devices, digital literacy,
overall health status, smoking status, presence of anxiety or
depression, and asthma status were explored as independent
variables, irrespective of significance in preliminary univariate
logistic regressions. We assessed model fit using the pseudo-R2
Nagelkerke method and tested for evidence for poor model fit
using the Hosmer–Lemeshow test. In addition, to assess the
increasing contribution of each covariate to the model, we
adopted a stepwise approach to build models starting from 1
covariate until including all covariates in the full models. For
each model, we computed the described goodness of fit statistics.
The quality of the final model was also assessed using the
Aikake Information Criterion. Adjusted odds ratios and 95%
CIs were calculated. Statistical analyses were conducted using
R and the “glm” package. The map of Portugal was created
using Paintmaps [29].

Ethics Approval
The studies were approved by the ethics committees of all
participating centers. The studies were conducted in accordance
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with the ethical standards established in the Declaration of
Helsinki. Eligible patients were approached by physicians during
medical visits and invited to participate. Written informed
consent was obtained before enrollment. Adult patients signed
a consent form; adolescents signed an assent form and a parental
consent form was also obtained.

Results
A total of 526 patients attended a face-to-face visit between
November 2017 and August 2020 at the 49 recruiting centers.
Of those, 12 did not answer the question “Have you ever
downloaded and used a health and fitness app?” and were
excluded (Figure 1). The recruiting centers included 12 of the
18 Portuguese districts, which represented 9,189,723 inhabitants
(89% of the total national population) [30]. A detailed overview
of the distribution of the participating centers by district is
provided in Figure 3.
The majority of the subjects were ≤40 years old (66.4%, n=341)
and 63.4% (n=326) were female. Most participants were single
(58.0%, n=298) and had at least 10 years of education (57.4%,
n=295). Approximately one-third were in the 2 lower quintiles
of the socioeconomic deprivation index (29.9%, n=154).
Regarding general health status, as assessed by EQ-5D VAS,
69.8% (n=359) of the participants reported a score of ≥70. Most
of the subjects were never smokers (75.5%, n=388). The
prevalence of anxiety and depression symptoms in the sample
was, respectively, 34.4% (n=177) and 11.9% (n=61).
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Figure 3. Number of participating centres per district.

Asthma was well controlled among 51.0% (n=262) of
participants. While 50.8% (n=261) of participants had 1 or more
asthma exacerbations during the last year, most of the
participants did not have any unplanned appointments (66.1%,
n=340) or inpatient admissions (94.2%, n=484). The proportion
of participants who reported using health and fitness mobile
apps was 41.1% (n=211). A full description of the sample, as
well as the characteristics of the nonuser and user groups, is
provided in Table 1.
Characteristics of both users and nonusers were explored using
multivariate logistic regression. The aORs show that single
individuals and those with more than 10 years of education are
more likely to use health and fitness mobile apps (aOR 2.22,
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95%CI 1.05-4.75, and aOR 1.95 95%CI 1.12-3.45, respectively).
Higher digital literacy scores were also associated with higher
odds of being a user of health and fitness apps, with participants
in the second, third, and fourth quartiles showing, respectively,
aORs of 6.74 (95%CI 2.90-17.40), 10.30 (95%CI 4.28-27.56),
and 11.52 (95%CI 4.78-30.87). Participants with depression
symptoms had lower odds of using health and fitness apps (aOR
0.32, 95%CI 0.12-0.83). No significant associations were found
with gender, age, socioeconomic level, general health status,
smoking status, anxiety, and asthma control (including level of
control, number of inpatient admissions, or number of
exacerbations). A detailed overview of the multivariate analysis
is provided in Table 2.
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Table 1. Characteristics of the participants according to their use of health and fitness mobile apps (N=514).
Characteristics

Nonusers (n=303), n (%)

Users (n=211), n (%)

Total, n (%)

Female

189 (62.4)

137 (64.9)

326 (63.4)

Male

114 (37.6)

74 (35.1)

188 (36.6)

13-18

92 (30.4)

62 (29.4)

154 (30.0)

18-30

41 (13.5)

74 (35.1)

115 (22.4)

30-40

40 (13.2)

32 (15.2)

72 (14.0)

40-50

51 (16.8)

31 (14.7)

82 (16.0)

50-65

51 (16.8)

7 (3.3)

58 (11.3)

≥65

23 (7.6)

3 (1.4)

26 (5.1)

Married

128 (42.2)

49 (23.2)

177 (34.4)

Separated

19 (6.3)

11 (5.2)

30 (5.8)

Single

149 (49.2)

149 (70.6)

298 (58.0)

Widow

6 (2.0)

2 (1.0)

8 (1.6)

0-10

159 (52.5)

60 (28.4)

219 (42.6)

>10

144 (47.5)

151 (71.6)

295 (57.4)

Q1 (least deprived)

32 (10.6)

19 (9.0)

51 (9.9)

Q2

55 (18.2)

48 (22.7)

103 (20.0)

Q3

72 (23.8)

37 (17.5)

109 (21.2)

Q4

72 (23.8)

61 (28.9)

133 (25.9)

Q5 (most deprived)

64 (21.1)

40 (19.0)

104 (20.2)

262 (86.5)

211 (100)

473 (92.0)

Q1 (0-4.17)

82 (27.1)

10 (4.7)

92 (17.9)

Q2 (4.17-5.67)

76 (25.1)

66 (31.3)

142 (28.6)

Q3 (5.67-6.83)

51 (16.8)

66 (31.3)

117 (22.8)

Q4 (6.83-10.00)

54 (17.8)

69 (32.7)

123 (23.9)

Q1 (0-70)

92 (30.4)

54 (25.6)

146 (28.4)

Q2 (70-80)

68 (22.4)

53 (25.1)

121 (23.5)

Q3 (80-90)

87 (28.7)

64 (30.3)

151 (29.4)

Q4 (90-100)

49 (16.2)

38 (18.0)

87 (16.9)

Never smokers

237 (78.2)

151 (71.6)

388 (75.5)

Former smokers

40 (13.2)

46 (21.8)

86 (16.7)

Sociodemographic
Gender

Age band (years)a

Marital statusb

Education level (years)

Socioeconomic levelc

Digital use and literacy
Use of smart devices
Mean digital literacyd

General health status
Overall healthe

Smoking statusb
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Nonusers (n=303), n (%)

Users (n=211), n (%)

Total, n (%)

25 (8.3)

14 (6.6)

39 (7.6)

Anxiety symptomsf

110 (36.3)

67 (31.8)

177 (34.4)

Depression symptomsf

52 (17.2)

9 (4.3)

61 (11.9)

Well-controlled

152 (50.2)

110 (52.1)

262 (51.0)

Partially/uncontrolled

150 (49.5)

98 (46.4)

248 (48.2)

≥1 asthma exacerbation in the past yearh

160 (52.8)

101 (47.9)

261 (50.8)

≥1 unplanned appointment in the past yearc

105 (34.7)

55 (26.1)

160 (31.1)

≥1 inpatient admission in the past yearc

11 (3.6)

5 (2.4)

16 (3.1)

Current smokers

Asthma status
Asthma controlg

a

7 patients with missing data.

b

1 patient with missing data.

c

14 patients with missing data.

d

40 patients with missing data.

e

9 patients with missing data.

f

2 patients with missing data.

g

4 patients with missing data.

h

15 patients with missing data.
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Table 2. Multivariate analysis to explain the use of health and fitness apps.
Predictor

Odds ratio (5%-95% CI)

P value

Gender
Male

Referencea

Female

1.37 (0.86-2.20)

.19

Age band (years)
13-18

Reference

18-30

1.93 (0.97-3.89)

.06

30-40

1.53 (0.59-4.05)

.38

40-50

1.41 (0.53-3.77)

.49

50-65

0.63 (0.12-2.86)

.57

≥65

1.68 (0.19-11.47)

.62

Marital status
Married

Reference

Separated

1.64 (0.55-4.96)

.37

Single

2.22 (1.05-4.75)

.04b

Widow

1.17 (0.03-33.55)

.93

Education level (years)
0-10

Reference

>10

1.95 (1.12-3.45)

.02

Socioeconomic level
Q1 (least deprived)

Reference

Q2

2.02 (0.84-4.92)

.12

Q3

1.08 (0.45-2.64)

.86

Q4

1.42 (0.61-3.33)

.41

Q5 (most deprived)

1.34 (0.56-3.24)

.52

Mean digital literacy
Q1 (0-4.17)

Reference

Q2 (4.17-5.67)

6.74 (2.90-17.40)

<.001

Q3 (5.67-6.83)

10.30 (4.28-27.56)

<.001

Q4 (6.83-10)

11.52 (4.78-30.87)

<.001

Overall health
Q1 (0-70)

Reference

Q2 (70-80)

1.05 (0.56-1.99)

.87

Q3 (80-90)

0.87 (0.46-1.63)

.67

Q4 (90-100)

0.86 (0.42-1.76)

.69

Smoking status
Never smokers

Reference

Former smokers

1.83 (0.97-3.53)

.07

Current smokers

0.84 (0.34-2.05)

.70

Anxiety symptoms
No

Reference

Yes

1.12 (0.64-1.95)
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Odds ratio (5%-95% CI)

P value

Depression symptoms
No

Reference

Yes

0.32 (0.12-0.83)

.02

Asthma control
Well-controlled

Reference

Partially/uncontrolled

0.89 (0.54-1.44)

.62

Asthma exacerbation in the past year
0

Reference

≥1

0.99 (0.56-1.75)

.96

Unplanned appointment in the past year
0

Reference

≥1

1.01 (0.52-1.91)

.99

Inpatient admission in the past year

a

0

Reference

≥1

1.73 (0.37-8.03)

.48

Confidence intervals could not be calculated. Reference means the category used as reference (ie, to which other categories are compared). The

Hosmer–Lemeshow Test yielded a P value of .21, χ28=10.9, Aikake Information Criterion of 542, and coefficient of determination (R2) of 48%.
b

Italicized P values are significant.

Discussion
Principal Findings
Use of health and fitness mobile apps was positively associated
with a single status, >10 years of education, and higher digital
literacy scores, and negatively associated with depressive
symptoms. No significant associations were found with other
variables, including gender, age, socioeconomic level, general
health status, smoking status, anxiety, and asthma control.

Comparison With Previous Studies
According to our results, single participants are more likely to
use health and fitness apps. In a recent mixed methods study,
Zhou et al [18] explored the barriers to and facilitators of the
use of mobile health apps and found that single users had less
strong concerns about information security and privacy and less
desire to have stringent security protection, which could
contribute to higher usage levels in this group.
Consistent with our findings, previous studies have described
educational attainment as an important predictor of use of mobile
devices and apps [14-16]. However, the relationship may be
more complex than initially predicted, as in another study by
Carroll et al [14] where both patients with a degree and those
with less than high school education were significantly
associated with a reduced likelihood of using health apps. The
reasons for the educational differences are not fully understood
but may reflect the effect of digital skills and confidence, and
social norms related to the perceived value of using health and
fitness apps [16].
A significant association between digital health literacy and use
of health and fitness apps was also found. Digital health literacy
https://www.jmir.org/2021/9/e25472
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has been previously shown to affect the use of health apps [17].
However, comparisons between different studies are limited by
the heterogeneity of tools used to evaluate patients’ digital health
literacy; therefore, standardization of the assessment methods
used is recommended in the future. It is also important to note
that although individuals with low general health literacy tend
to use less health information technology [31], previous evidence
has shown that tailored approaches including apps programmed
with computer-animated characters, text, and graphics to provide
health communication and education could be a widely accepted
option for these patients [32].
Interestingly, our study found a negative association between
the use of health and fitness apps and the presence of depressive
symptoms. Despite the breadth of research exploring the
determinants of use of mental health apps [33-35], there was a
lack of evidence specifically exploring the impact of the
presence of mental health symptoms on usage rates. However,
several studies show that patients with depressive symptoms
often exhibit poor engagement with health services, and health
care avoidance [36,37], and such behaviors may also contribute
to a lower interest and usage of health and fitness apps by these
groups of patients. This finding opens a new research avenue,
and future work should explore the drivers for this effect and
should involve patients with mental health problems in the
co-design of digital solutions and interventions that promote
both early and sustained use. The other needed variables, such
as the ones related to asthma control, were not significant in
explaining mHealth behaviors, although they showed a similar
trend to the one observed with the variable depression. This is
in line with previous asthma mHealth studies showing that
patients with worse asthma control engage less with the tested
apps [15,38]. Regarding age, odds ratios were higher for patients
J Med Internet Res 2021 | vol. 23 | iss. 9 | e25472 | p.473
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aged 18-30 years (1.93, 95%CI 0.97-3.89), but no significant
differences were detected, despite the P value being close to
the significance threshold (P=.06). Increasing the sample size
in future studies could help further explore this effect and to
confirm or exclude a potential type II error [39]. Previous studies
found that younger adults were more likely to engage with health
apps [14-16] and suggested that the effect of age likely reflects
both social norms and cohort effects, such as the increased
exposure to these devices and apps at younger ages [14].
Previous evidence also suggests that younger adults seem to
have higher digital health literacy levels, which can contribute
to increased use of digital solutions [40]. While it is recognized
that the use of digital health solutions by older persons could
improve patient engagement and reduce both financial burden
and pressure on health systems, usage rates among this group
remain low. According to a mixed methods study conducted by
Fox et al, this digital health divide is deepening owing to older
adults’ perceived inability and unwillingness to use digital
technologies, stemming from mistrust, high-risk perceptions,
and a strong desire for privacy [41].
Finally, no significant associations were found with gender.
Previous literature shows mixed evidence on this subject: while
some studies had found a higher use among male subjects [15],
others reported the opposite [14,16]. The reasons for gender
differences in some samples are unclear but may reflect
sample-specific differences in health-seeking behavior, and
interest and participation in healthy lifestyle interventions in
general.

Strengths and Limitations
This study has several strengths. It is the first national-level
study performed in Portugal, evaluating the use of health and
fitness apps among patients with asthma, covering the majority
of the geographic regions of the country. A comprehensive set
of individual-level characteristics was collected and analyzed,
which allowed us to explore the impact of a range of
sociodemographic factors, health literacy, and cofactors such
as general health status and asthma status. Although no power
calculation was performed (which was associated with the
secondary analysis nature of this study), the overall large sample
size contributes to the robustness of these findings.
Other limitations also need to be acknowledged. Intrinsic to the
study design using convenience sampling, a potential selection
bias cannot be excluded. This can possibly explain the low
number of patients above 65 years of age. Nevertheless, this
risk was mitigated by sampling patients from different health
care settings, centers, and geographic regions. Health and fitness
app use was patient-reported; therefore, a potential information
bias cannot be excluded either. As an alternative, future studies
could use patient log-in as a measure of app use. Furthermore,
digital literacy was assessed using selected items of MTUAS
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scale, not the complete instrument. This choice emerged as a
mitigation measure to reduce the data collection burden and
allow us to efficiently collect data on an aspect seldom reported
in the literature. Future studies should explore the possibility
of including complete validated tools, such as MTUAS [23] or
the eHealth Literacy Scale [42]. We also need to consider that
although the questionnaires were independently answered by
the study participants, they were provided to them by their
family physicians provided during an in-person visit, which
may have influenced them to give desirable responses, namely
those related to their general health status and asthma control.
Finally, most subjects included in this study were relatively
young, had at least 7 years of education, were in the 3 higher
quintiles of the socioeconomic deprivation index, had an overall
good health status, and had good asthma control. Consequently,
attempts to generalize these findings to other populations that
do not share the same characteristics need to be cautious. Future
studies should consider involving patients with specific needs
(ie, lower education attainment, lower sociodemographic levels,
poorer overall health status, or poorer asthma status control)
and evaluate the replicability of these findings.

Conclusions
Our results show a negative association with low literacy and
the presence of depressive symptoms, highlighting the need for
future research to explore the effect of disparities on app use,
particularly among those with lower digital health literacy or
mental health issues. Importantly, such studies should also assess
participants’ general health-seeking behavior (ie, interest and
participation in healthy lifestyle interventions in general) and
the key constructs of their acceptance the unified theory of
acceptance and use of technology) [43,44]. This theory was
developed through a consolidation of the constructs of 8
previous models (theory of reasoned action, technology
acceptance model, motivational model, theory of planned
behavior, a combined theory of planned behavior/technology
acceptance model, model of personal computer use, diffusion
of innovations theory, and social cognitive theory), and includes
four constructs: performance expectancy, effort expectancy,
social influence, and facilitating conditions. Gender, age,
experience, and voluntariness of use have been suggested to
moderate the impact of the 4 key constructs on usage intention
and behavior [43,44].
A better understanding of which patients with asthma are (and
are not) using general health and fitness apps is key to design
tailored mHealth interventions to improve sustained use by this
specific group of patients. Additionally, this knowledge can
also inform high-level delivery strategies to ensure that these
solutions reach out comprehensive groups of patients with
asthma, thus improving rather than entrenching health inequities
within this population.
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Abstract
Background: Information and communication technologies, including mobile health (mHealth), can help isolated communities
address environmental health challenges. The Puerto Rican island of Culebra has faced multiple sociopolitical and economic
factors that have distressed the island’s environment and health. Culebrenses are technologically engaged and have demonstrated
a use of technology that transcends socioeconomic barriers. As a result, technological interventions could potentially help manage
environmental risks on the island.
Objective: This study aims to test and evaluate the potential benefits of an mHealth tool, termed ¡mZAP! (Zonas, Acción y
Protección), for engaging communities with environmental risks through technology.
Methods: Participants using ¡mZAP! (N=111) were surveyed. Bivariate analyses were used to examine associations of mHealth
use with sociodemographics, technology use, an adapted environmental attitudes inventory, and the multidimensional health
locus of control. Logistic regression was used to examine associations between attitudes toward environmental health risks and
mHealth use.
Results: Higher positive attitudes toward the environment were significantly associated with the use of ¡mZAP! (odds ratio 5.3,
95% CI 1.6-17.0). Environmental attitudes were also associated with the multidimensional health locus of control powerful others
subscale (P=.02), indicating that attitudes toward the environment become more negative as feelings controlled by others increase.
Participants felt that the authorities would resolve the challenges (63/111, 56.7%).
Conclusions: Perceived lack of control could present barriers to collective actions to address salient environmental health
challenges in communities. The ongoing dependency on government-based solutions to community problems is worrisome,
especially after the hurricane experiences of 2017 (which may potentially continue to be an issue subsequent to the more recent
2020 earthquakes).
(J Med Internet Res 2021;23(9):e24671) doi:10.2196/24671
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Introduction

work with the government sector, health programs, and nonprofit
organizations to address risks in their environments [24].

Background

Many communities, particularly islands, are dependent on ICT
to reduce the impact of their geographical and societal isolation
[25]. Island communities face many social and health challenges
that are not necessarily faced by other communities, which can
intensify risk [26-28]. The remote island of Culebra, off the
eastern coast of Puerto Rico’s Big Island (Isla Grande), is
geographically and systemically isolated from the rest of Puerto
Rico. Culebra’s isolation also results in limited political power
because of the small population, leading to a system of
dependency that negatively impacts health access, utilities,
waste management, transportation, water safety, and air and
soil contamination, which is common in rural and isolated areas
[29-33].

Information and communication technologies (ICTs), including
mobile health (mHealth), can help isolated communities address
environmental health challenges [1,2]. The World Health
Organization considers environmental risks a public health
priority [3]. Social and ecological determinants of health, along
with environmental health challenges, often exacerbate
pre-existing health disparities [4]. Traditional health paradigms
have been changed by mHealth tools to address such health
disparities. For example, a study used a mobile app termed
FAITH! (Fostering African American Improvement in Total
Health) to improve cardiovascular health among an African
American church community (n=86) in the United States
following a multiphase community-based participatory research
design [5]. Other examples include using a web-based
intervention for smoking cessation among low socioeconomic
status populations in the United States (n=1440) [6] and an
mHealth tool to reduce health care access gaps among
marginalized rural populations in Laos (n=983) and Thailand
(n=1158) [7].
The benefits of using ICTs to address environmental risks
following crowdsourcing approaches have been successfully
implemented in the United States using the mobile phones of
users [8,9]. Mobile phones are also being used to engage
populations in new and innovative learning modalities [10,11].
Previous studies have shown that mobile tools such as cell
phones can help users develop positive attitudes toward the
environment [12,13]. Mobile tools facilitate engaging with users
by using their devices (eg, smartphones and smartwatches) as
part of the solution to existing environmental challenges [8,13].
Although the use of technology has transcended socioeconomics
barriers, providing digital access to different levels of society,
a significant gap perpetuates digital access disparities among
marginalized communities worldwide [14-16].
The power of being interconnected via modern technology (eg,
social media, cell phones, and the internet) has been shown to
(1) catalyze sociopolitical changes [17,18], (2) close the gap in
physical distances [19], (3) foster the development of health
advances [20], and (4) provide access to information [21]. In
contrast, the use of technology has also been linked to the spread
of misinformation, resulting in the exacerbation of social
injustices among marginalized groups. For example, WhatsApp
was used in Maceió, Brazil, to diffuse conspiracy theories about
vaccines as the cause of microcephaly in children testing positive
for the Zika virus [22,23]. Thus, communities often have
untapped and unrecognized resources that may be mobilized to
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Hurricanes Irma and María in 2017 demonstrated this
dependency, with Culebra losing connection to the national
electrical grid for more than a year [34] and having difficulties
in resuming ferry and other island services. Although impacted
by these challenges, Culebrenses have a strong history of
collective engagement against social injustices, such as
facilitating the US Navy’s exit from the island in 1975 and
protesting against maritime transportation policies [35]. In
addition to this community engagement, Culebrenses are
technologically engaged and have demonstrated a use of
technology that transcends socioeconomic barriers [36]. As a
result, technological interventions could potentially help manage
environmental risks on the island.
This study was guided by a multi-theoretical framework (social
cognitive theory [SCT] and the diffusion of innovations theory)
which, along with community-centered design methodology,
can (1) provide a model for behavioral changes and (2) guide
the process to understand the adoption of this mHealth tool
better [37-39]. This study also followed a human-centered design
framework that provides an inclusion process whereby users
are central and active agents necessary for the conception,
testing, implementation, and evaluation of solutions to Culebra’s
environmental health risk challenges [40]. The SCT addresses
behavior change and the effect of the community members’
environment [41]. The SCT also helps identify community
problems and priorities, allowing for an in-depth understanding
of personal factors, current community behaviors, and
environmental influences associated with environmental health
risks that can affect community-wide behavioral change. The
diffusion of innovations theory facilitates the process of
development and sustainability [42]. Owing to the complexity
of these two theories, a theoretical framework model titled
Community-Centered Environmental Health Risk Control Model
was developed for this study (Figure 1).
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Figure 1. Community-centered environmental health risk control model. NGO: nongovernmental organization; SES: socioeconomic status.

Objective
Following this theoretically informed model facilitated the work
as part of a community-driven research project to collaborate
with community partners to implement a tailored,
community-centered, and crowdsourced ICT termed ¡mZAP!
(Zonas, Acción y Protección) as part of a community-driven
approach to assess the ability of ICTs to engage islanders in
collective environmental actions. Specifically, in this study, we
evaluate the ability of psychosocial, environmental attitudes,
and technological variables to predict the use of the ¡mZAP!
app.

Methods
Overview
We used a prospective design to assess the ¡mZAP! app use.
The study surveyed community participants at baseline to
capture their perceptions and attitudes toward the environment,
access to and use of technology, community actions toward
environmental challenges, knowledge about vector-borne
diseases, and health control in Culebra, Puerto Rico. App
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registrants were followed prospectively for 3 months (November
2018-February 2019) to assess the use of ¡mZAP!

The Archipelago of Culebra
Culebra is an archipelago municipality located on the east coast
of Puerto Rico, 17 miles from Isla Grande (Big Island—as it
is commonly referred to in Puerto Rico by the residents of outer
islands; Figure 2). On the basis of the 2018 US Census annual
estimates of the resident population, Culebra has an estimated
population of 1500 [43]. Culebra’s geographical location
provides a unique, biodiverse ecosystem of drylands, mangroves,
lagoons, white sand beaches, and coral reefs, all in almost 12
square miles [35,44]. Largely owing to this biodiversity and
geographical location, tourism is Culebra’s primary economy.
Culebra also presents another face; for many decades, this set
of islands has experienced marginalization by the United States
and from the local government [33,35], including military
bombing drills that left unknown contamination and pollution
effects [29-31], unreliable maritime transportation [45],
environmental hazards [46], high presence of vector agents
(mosquitoes) [35], and the lack of a proper health care facility
[32,47].
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Figure 2. Map of Culebra in relation to the rest of Puerto Rico.

¡mZAP! App
The ¡mZAP! app was designed and developed as a
community-oriented ICT to stimulate collective action to
mitigate environmental health risks (eg, trash and mosquitoes).
This study design involved direct input from community
organizations and community members in Culebra, including
women’s advocacy organizations, sports organizations, private
businesses, health organizations, and schools, primarily through
focus group and qualitative engagement processes, as previously
described [48].
In this app, users may take actions to identify, report, and
address community-based priorities such as abandoned
structures, trash, stray animals, stagnant water, mosquito
breeding grounds, and pests. Although not directly relevant to
environmental issues, a feature to track ferry and ship locations
was included to further incentivize app use as the community
had identified maritime transportation as a major challenge.

Survey
A survey was deployed at baseline using the REDCap (Research
Electronic Data Capture, Vanderbilt University) platform version
9.0, which also hosted the survey data. As defined in previous
studies, the REDCap database is a secured, encrypted, and
Health Insurance Portability and Accountability Act–compliant
data capture application developed for large-scale research
projects [49].
The survey contained adaptations of two previously validated
instruments and original items self-administered by participants
via the mobile app tool. The survey aimed to better understand
users’ attitudes toward the environment, community technology
use, and community challenges. Questions related to community
health, demographic characteristics, the environment, attitudes
toward community actions, and technology use were included.
Consistent with recommendations for pretesting and pilot-testing
of surveys evaluating mHealth interventions [49,50], the survey
was pretested with approximately 10 iterations with feedback
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from 4 bilingual Latinos from the author’s institution and
volunteers from the target community.

¡mZAP! Databases
The ¡mZAP! app was built as a cross-platform mobile and
web-based app using the Ionic framework by an app developer
that worked as part of the ¡mZAP! core team at the University
of Rochester. Ionic is an open-source toolkit that facilitates the
building of mobile apps and web-based applications using a
single coding structure (eg, HTML, Cascading Style Sheets,
and JavaScript), eliminating the need to create a new coding
process for each mobile and web-based platform. An integration
of Angular, a Google-maintained platform, was used to build
the app across mobile and web-based systems (eg, iOS and
Android). Firebase software was used as a database repository.
Firebase is a Google-based software with the capacity to secure
file uploads and downloads, including images, videos, and other
user-generated data under Google encrypted (AES256 and
AES128) and cloud storage. The ¡mZAP! mHealth tool back-end
process was built to assign each user a unique ID linking all the
data generated by users while using the app. This process
facilitated a better understanding of ¡mZAP! users’ behaviors.
An application programming interface was used to access the
REDCap survey directly from the app. Unique user
identifications and email addresses were used to merge the two
databases (¡mZAP! use and the REDCap survey). A weekly
data transfer stored participants’ app use to secure servers at
the lead author’s institution.

Sample Size Calculation
This study was powered to detect an effect size of 3.0 (α=.05
and β=.20) of app use by the environmental attitudes’ category.
We estimated that 50% of participants with positive attitudes
toward the environment would use the app and 25% of
participants with negative attitudes would use ¡mZAP! On the
basis of these calculations, the sample size required for this
study was 116 participants.
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Participants and Study Implementation
Eligible participants were ≥18 years and self-reported living in
Culebra for at least 6 months before the start of the study. Survey
questions were administered in Spanish, which is the primary
language of the island.
Participants were recruited at baseline following a snowball
sampling methodology [51], community meetings, flyer
distributions, and social media posts. During in-person visits,
eligible participants were invited to download the ¡mZAP! app
and complete the survey during the registration process before
starting the use of app functionalities (Figure 3). Participants
completed the survey using their devices, and via REDCap, the
surveys were uploaded to the University of Rochester’s
firewall-protected, encrypted cloud-based servers. Participants
did not receive any compensation for completing the survey or
using ¡mZAP! For recruitment purposes, a local area code
telephone number and a unique email address were acquired,
and a Facebook fan page was created specifically for the project,
enabling participants to reach the research team for questions
and concerns about the project. This study adhered to the
Reporting of Studies Conducted using Observational Routinely

Perez-Ramos et al
Collected Data guidelines and checklist to ensure the inclusion
of all components deemed necessary for a scientific research
report [52].
¡mZAP! was launched in a series of in-person community
meetings in fall of 2018 and was disseminated among
community members during a 3-month trial period (November
2018-February 2019). A total of 124 people downloaded the
app (Apple iOS 53/124, 42.7% and Android 71/124, 57.3%).
Out of the 124 people, 116 (93.5%) participants started
registration; 5 (4%) respondents did not meet the inclusion
criteria of being a resident of Culebra and were excluded. Out
of the 116 participants, 111 (95.7%) participants successfully
registered and completed the survey.
This study was reviewed and approved by the institutional
review board of the first author’s (RSRB00073777) university
and followed the 1964 Declaration of Helsinki and its
subsequent amendments. HealthproMed, a federally qualified
health center in Culebra, reviewed the study protocol and
approved the study. An information letter was electronically
provided to the participants during their registration for the app.

Figure 3. ¡mZAP! user implementation process. ¡mZAP!: Zonas, Acción y Protección.

Measures
Overview
The study data included two distinct databases: ongoing baseline
survey data and ¡mZAP! use data. The app documented user
actions and collected data within a 3-month period. ¡mZAP! use
was defined as any action by users within the mobile app (eg,
reports, comments, messages, likes, and resolves) during this
follow-up period. Multiple user data points were synchronized
by random user unique identification, which traced each user’s
behavior while using the ¡mZAP! tool.

The Environmental Attitudes Inventory
The environmental attitudes inventory [53] scale was adapted
(adapted environmental attitudes inventory [a-EAI]) to assess
participants’ attitudes toward the environment. This
environmental scale was developed to evaluate the
multidimensional nature of environmental attitudes and the
perceptions or beliefs of participants regarding the natural
environment and associated factors. For this study, 12 items
from the environmental attitudes inventory scale were selected
and combined for the a-EAI summary scale. We converted the
EAI summary scale to a standardized t score with mean 50 (SD
10) [54]. In addition to analyzing the a-EAI as a continuous
variable, we reduced the a-EAI to discrete categories with
tertiles as the cutoff.
https://www.jmir.org/2021/9/e24671

XSL• FO
RenderX

The Wallston Multidimensional Health Locus of Control
The multidimensional health locus of control (MHLC) scale
assesses perceptions of control over one’s health. The MHLC
scale has been used in previous studies to measure the influences
and perceptions of community members regarding external
factors that affect health outcomes [55]. A Spanish-validated
version of the MHLC was used in this study [56]. The three
subscales were MHLC internal (internal health locus of control),
MHLC external (powerful others health locus of control), and
MHLC chance (chance health locus of control) [57]. The
rationale for using the MHLC was that perceptions of health
control could be associated with overall control and a positive
inclination to act against environmental health risks. The
subscale scores were standardized using the Streiner and
Norman [54] method.

Community Environmental Priorities, Technology Use,
Mosquito Knowledge, and Demographics
For addressing community environmental priorities, two
additional sections were incorporated from previous study
findings [48,49,58] to assess the use of technology,
environmental challenges, community resolutions, and access
to technology at home (eg, cell phones and the internet).
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Data Analysis
The survey data were exported from REDCap, cleaned, and
analyzed using SPSS Statistics (IBM Corporation) version 25
[59]. Chi-square tests and analysis of variance were used to test
bivariate associations among all key variables. Odds ratios
(ORs) with 95% CIs were used to examine the magnitude of
the association of predictor variables, including the main
predictor variable (attitudes toward the environment, a-EAI)
and the primary outcome (use of ¡mZAP!). Forced and forward
stepwise logistic regression models [60] were generated to
control for potential confounders that were marginally associated
(ie, P<.25) with a-EAI and mZAP! use. Where necessary, P<.05
was considered significant.

https://www.jmir.org/2021/9/e24671

XSL• FO
RenderX

Perez-Ramos et al

Results
Study Sociodemographic Characteristics
In total, 110 participants completed the download of ¡mZAP!
and the intake survey. As Table 1 shows, most (71/110, 64.5%)
of the survey participants were aged >35 years. In addition,
65.4% (72/110) had completed a higher education degree and
68.5% (76/111) had lived in Culebra for >11 years. An equal
number of females and males participated in the study (n=54
each). A comparison of the study sample with the US Census
2013-2017 American Community Survey in Puerto Rico [43]
revealed no statistically significant differences between the
study population and the population of the municipality of
Culebra regarding gender and ethnicity (data not shown),
suggesting that the study sample was similar to the overall
population of Culebra.
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Table 1. Sociodemographics and technology attitudes among ¡mZAP! (Zonas, Acción y Protección) study survey participants in Culebra, Puerto Rico,
2018-2019 (N=110).
Variables

Participants, n (%)

Age (years)
18-25

10 (9.1)

26-36

29 (26.4)

37-47

34 (30.9)

48-54

22 (20)

≥55

15 (13.6)

Age category (years)
≤36

39 (35.5)

≥37

71 (64.5)

Education level
Less than or equal to high school

34 (32.1)

Higher education

72 (67.9)

Gender
Female

54 (49.1)

Male

54 (49.1)

Prefer not to answer

2 (1.8)

Time living in Culebra (years; N=111)
1-10

35 (31.5)

More than 11

76 (68.5)

Do you have a cell phone data plan?
Yes

105 (96.3)

No

4 (3.7)

How is your cell phone reception on the island?
Good

11 (10)

Regular or bad

99 (90)

How many cell phones do you have at home?
1

28 (25.5)

>1

82 (74.6)

Does your home have internet access?
Yes

96 (87.3)

No

14 (12.7)

What type of internet do you have in your home?
Wi-Fi and satellite

31 (32.3)

Data plan

63 (65.6)

How many hours per day do you spend using electronic devices?
<1-5

89 (80.9)

≥6

21 (19.1)

Do you use social media?
Yes

105 (95.5)

No

5 (4.5)

Daily use of social media
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Participants, n (%)

WhatsApp

99 (94.3)

Facebook

89 (84.8)

Instagram

43 (41.3)

Agreement with the following statements
Technology is a tool to help us daily

100 (90.9)

The use of technologies helps to fix community problems

66 (60)

The use of technologies brings us closer to the community

37 (33.9)

The constant use of technology limits the community work

43 (39.1)

The technology cause problems in the community

36 (32.7)

Technology and Community Characteristics Among
¡mZAP! Survey Participants
As Table 1 shows, every participant reported owning a cell
phone, and 96.3% (105/110) of participants also had a data plan
as part of their cell phone plan. With respect to technology at
home, 87.3% (96/110) of participants reported having internet
access at home, with 66% (63/95) using cell phone data plans
for connecting to the internet. Most of the participants owned
more than one cell phone (62/83, 74.6%), used electronic
devices for up to 5 hours daily (89/110, 80.9%), and had
negative perceptions about cell phone reception (99/110, 90%).
In addition, 95.5% (105/110) of participants reported being
social media users, with WhatsApp being the most used daily
social media network (99/105, 94.3%), followed by Facebook
(89/105, 84.8%) and Instagram (43/105, 40.1%).
In a series of statements about the relationship between
technology and the community, 90.9% (100/110) of participants
believed that technology is a tool that can be useful daily and
60% (66/110) agreed that technology could facilitate the
resolution of problems in the community. Participants disagreed
or were undecided about the role of technology in bringing
communities closer (72/110, 65.4%), whether using technologies
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was an impediment for individuals to do community work
(67/110, 60.9%), and whether technology caused community
problems (74/110, 67.3%).

Attitudes Toward the Environment and Predictors
On the basis of the responses on the a-EAI scale, participants
often disagreed with items reflecting negative statements about
protecting the environment. For example, 44.2% (49/116)
disagreed with “One of the most important reasons to keep
lakes, beaches and rivers clean is so that people have a place to
enjoy water sports,” and 46.8% (51/109) disagreed with
“Modern science will not be able to solve our environmental
problems.” Most participants agreed with or were ambivalent
about items that reflected positive inclinations toward the
environment; for example, “Protecting the environment is more
important than protecting peoples’ jobs” (65/109, 59.6%) and
“I would like to join and actively participate in an
environmentalist group” (73/110, 66.4%). When comparing
a-EAI with sociodemographic variables, as shown in Table 2,
having a higher educational level (OR 4.5, 95% CI 1.2-16.3)
and having lived fewer total years in Culebra were significantly
associated with a stronger positive attitude toward the
environment (OR 3.0, 95% CI 1.2-7.6).
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Table 2. Associations of the a-EAIa with sociodemographics, technology attitudes, and knowledge about mosquito-borne diseases among ¡mZAP!
(Zonas, Acción y Protección) study survey participants in Culebra, Puerto Rico, 2018-2019.
Variables

Total participants, n (%)

a-EAI, n (%)
High (more positive)

Low (less positive)

Odds ratio (95% CI)

P valueb

Age (years; n=108)
≤36

37 (34.3)

11 (29.7)

26 (70.3)

1.5 (0.6-3.6)

.41

≥37

71 (65.7)

16 (22.5)

55 (77.5)

Referent

N/Ac

Higher edu- 71 (68.3)
cation

22 (31)

49 (69)

4.5 (1.2-16.3)

.01

Less than
33 (31.7)
or equal to
high school

3 (9.1)

30 (90.9)

Referent

N/A

Education level (n=104)

Time living in Culebra (years; n=108)
>11

73 (67.6)

13 (17.8)

60 (82.2)

Referent

N/A

1-10

35 (32.4)

14 (40)

21 (60)

3.0 (1.2-7.6)

.01

How is your cell phone reception on the island? (n=108)
Regular or
bad

97 (89.8)

25 (25.8)

72 (74.2)

1.5 (0.3-7.7)

.58

Good

11 (10.2)

2 (18.2)

9 (81.8)

Referent

N/A

How many cell phones do you have at home? (n=108)
>1

80 (74.1)

22 (27.5)

58 (72.5)

1.7 (0.6-5.2)

.31

1

28 (25.9)

5 (17.9)

23 (82.1)

Referent

N/A

Does your home have internet access? (n=108)
Yes

95 (87.9)

24 (25.3)

71 (74.7)

1.1 (0.3-4.4)

.86

No

13 (12.1)

3 (23.1)

10 (76.9)

Referent

N/A

What type of internet do you have in your home? (n=95)

a

Wi-Fi and
satellite

33 (34.7)

6 (18.2)

27 (81.8)

Referent

N/A

Data plan

62 (65.3)

18 (29)

44 (71)

1.8 (0.7-5.2)

.24

a-EAI: adapted environmental attitudes inventory.

b

P value of chi-square test.

c

N/A: not applicable for reference groups.

Collective Action Strategies
A series of questions on the importance of community actions
to address environmental risks were posed. As shown in Table
3, most participants (79/108, 73.1%) believed that environmental
problems are not typically resolved among community members.
Similarly, 58.3% (63/108) of participants expected the

https://www.jmir.org/2021/9/e24671

XSL• FO
RenderX

government to resolve environmental problems. Other
participants expressed that these problems would be resolved
by the community (29/108, 26.9%) or would be resolved without
making any effort to fix them (28/108, 25.9%). No statistically
significant associations were found among the series of items
on community actions and a-EAI scale scores.
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Table 3. Associations of the a-EAIa with community environmental actions resolutions among ¡mZAP! (Zonas, Acción y Protección) study survey
participants in Culebra, Puerto Rico, 2018-2019 (N=108).
How does generally environmen- Total participants, n (%)
tal differences or problems get
resolved in your community?

a-EAI, n (%)

Hi (more positive)

No (more negative)

Odds ratio (95% CI)

P valueb

Resolved between each other
No

79 (73.1)

20 (25.3)

59 (74.7)

1.0 (0.4-2.9)

.90

Yes

29 (26.9)

7 (24.1)

22 (75.9)

Referent

N/Ac

Go to government authorities (police and mayor’s office)
Yes

63 (58.3)

13 (20.6)

50 (79.4)

Referent

N/A

No

45 (41.6)

14 (31.1)

31 (68.9)

1.7 (0.7-4.2)

.22

No

83 (76.8)

21 (25.3)

62 (74.7)

1.0 (0.4-3.0)

.89

Yes

25 (23.1)

6 (24)

19 (76)

Referent

N/A

Ignore and pass the page

Think it will eventually get resolved
No

82 (75.9)

22 (26.8)

60 (73.2)

1.5 (0.5-4.6)

.44

Yes

26 (24)

5 (19.2)

21 (80.8)

Referent

N/A

Yes

28 (25.9)

8 (28.6)

20 (71.4)

1.2 (0.4-3.3)

.61

No

80 (74)

19 (23.8)

61 (76.3)

Referent

N/A

It will get resolved by itself

a

a-EAI: adapted environmental attitudes inventory.

b

P value of chi-square test.

c

N/A: not applicable for reference groups.

Multidimensional Health Locus of Control
Most participants reported moderate beliefs about health control,
MHLC internal (76/118, 64.4%), MHLC powerful others
(78/108, 72.2%), and MHLC chance (71/108, 65.7%; data not
shown). No statistically significant associations were found
between the a-EAI and MHLC subscales. In contrast, when
comparing MHLC subscales with the a-EAI as a scale score,
as MHLC powerful others scores increased, overall a-EAI scores
decreased (P=.02; data not shown). This association indicates
that attitudes toward the environment become more negative
as the sense that one’s health is controlled by powerful others
(eg, parents, doctors, and authorities) increases.

¡mZAP! User’s Characteristics and Predictors
Of the 14 participants who used the ¡mZAP! app, 5 (36%)
participants used the app more than once; 11 (78%) participants
used the app to report environmental health risks, including
trash, stray animals, mosquito breeding grounds, abandoned
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structures, and deposits of stagnant water; and 2 (14%)
participants commented on reports. Of the 14 users, 3 (21%)
used the tool to report the maritime transportation location
(location of the ferries). In addition, of the 14 ¡mZAP! users, 9
(64%) expressed the expectation that the government would
resolve the environmental challenges in the community.
Equal proportions of women and men used ¡mZAP! As shown
in Table 4, most users (11/14, 79%) were aged >35 years, lived
in Culebra for >11 years (10/14, 71%), and had completed
higher education (10/14, 71%). No statistically significant
differences were found between nonusers and users in terms of
sociodemographic variables. Although not significant, several
variables had substantial ORs (ORs>1.5): age (OR 2.2, 95% CI
0.5-8.4), educational level (OR 1.6, 95% CI 0.4-6.5), cell phone
number per household (OR 2.2, 95% CI 0.5-10.6), household
type of internet access (OR 1.8, 95% CI 0.7-5.2), daily hours
spent using electronic devices (OR 2.8, 95% CI 0.8-9.3), and
the use of technologies helps to fix community problems (OR
3.1, 95% CI 0.9-10.0).
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Table 4. Association of ¡mZAP!a use with sociodemographics, technology attitudes, and knowledge about mosquito-borne diseases among ¡mZAP!
study survey participants in Culebra, Puerto Rico, 2018-2019.
Variables

Total participants, n (%)

¡mZAP! use
Yes

No

Odds ratio (95% CI)

P valueb

Age category (years; n=110)
≤36

39 (35.5)

3 (7.7)

36 (92.3)

Referent

N/Ac

≥37

71 (64.5)

11 (15.5)

60 (84.5)

2.2 (0.5-8.4)

.24

Higher education

72 (67.9)

10 (13.9)

62 (86.1)

1.6 (0.4-6.5)

.46

Less than equal to high school

34 (32.1)

3 (8.8)

31 (91.2)

Referent

N/A

>11

76 (68.5)

10 (13.2)

66 (86.8)

1.1 (0.3-4.0)

.79

1-10

35 (31.5)

4 (11.4)

31 (88.6)

Referent

N/A

Regular or bad

99 (90)

14 (14.1)

85 (85.9)

N/A

N/A

Good

11 (10)

0 (0)

11 (100)

N/A

N/A

>1

82 (74.5)

12 (14.6)

70 (85.4)

2.2 (0.5-10.6)

.30

1

28 (25.5)

2 (7.1)

26 (92.9)

Referent

N/A

Yes

96 (87.3)

12 (12.5)

84 (87.5)

Referent

N/A

No

14 (12.7)

2 (14.3)

12 (85.7)

1.1 (0.2-5.8)

.85

Wi-fi and satellite

33 (34.7)

6 (18.2)

27 (81.8)

Referent

N/A

Data plan

62 (65.3)

18 (29)

44 (71)

1.8 (0.7-5.2)

.25

Education level (n=106)

Time living in Culebra (years; n=111)

How is your cell phone reception on the island? (n=110)

How many cell phones do you have at home? (n=110)

Does your home have internet access? (n=110)

What type of internet do you have in your home? (n=95)

How many hours per day do you spend using electronic devices? (n=110)
≥6 hours

21 (19.1)

5 (23.8)

16 (76.2)

2.8 (0.8-9.3)

.90

<1 hour or up to 5 hours

89 (80.9)

9 (10.1)

80 (89.9)

Referent

N/A

Higher (top tertile) score and lower (lowest two tertiles) score

N/A

N/A

N/A

N/A

N/A

Two-third low score

81 (75)

6 (7.4)

75 (92.6)

Referent

N/A

One-third high score

27 (25)

8 (29.6)

19 (70.4)

5.3 (1.6-17.0)

.003

105 (95.5)

14 (13.3)

91 (86.7)

N/A

N/A

Less than daily

6 (5.7)

1 (16.7)

5 (83.3)

1.3 (0.1-12.2)

.81

Daily

99 (94.3)

13 (13.1)

86 (86.9)

Referent

N/A

Daily

89 (84.8)

12 (13.5)

77 (86.5)

1.1 (0.2-5.4)

.91

Less than daily

16 (15.2)

2 (12.5)

14 (87.5)

Referent

N/A

Daily

43 (41.3)

8 (18.6)

35 (81.4)

2.1 (0.7-6.6)

.19

Less than daily

61 (58.7)

6 (9.8)

55 (90.2)

Referent

N/A

a-EAId scores (n=108)

Uses social media (n=110)
How often do you use WhatsApp? (n=105)

How often do you use Facebook? (n=105)

How often do you use Instagram? (n=104)

Technology is a tool to help us daily (n=110)
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Variables

Agree
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Total participants, n (%)

100 (90.9)

¡mZAP! use

Odds ratio (95% CI)

P valueb

Yes

No

14 (14)

86 (86)

N/A

N/A

The use of technologies helps to fix community problems (n=110)
Undecided or disagree

44 (40)

9 (20.5)

35 (79.5)

3.1 (0.9-10.0)

.04

Agree

66 (60)

5 (7.6)

61 (92.4)

Referent

N/A

The use of technologies brings us closer to the community (n=109)
Undecided or disagree

72 (66.1)

10 (13.9)

62 (86.1)

1.3 (0.3-4.6)

.65

Agree

37 (33.9)

4 (10.8)

33 (89.2)

Referent

N/A

The constant use of technology limits the community work (n=110)
Undecided or disagree

67 (60.9)

9 (13.4)

58 (86.6)

1.2 (0.3-3.8)

.78

Agree

43 (39.1)

5 (11.6)

38 (88.4)

Referent

N/A

The technology cause problems in the community (n=110)

a

Undecided or disagree

74 (67.3)

10 (13.5)

64 (86.5)

1.3 (0.4-4.3)

.72

Agree

36 (32.7)

4 (11.1)

32 (88.9)

Referent

N/A

¡mZAP!: Zonas, Acción y Protección.

b

P value of chi-square test.

c

N/A: not applicable.

d

a-EAI: adapted environmental attitudes inventory.

No item from the MHLC was statistically significantly
associated with the use of the ¡mZAP! app, including when
compared with each subscale’s total score (MHLC subscale 1
[internal health locus of control], MHLC subscale 2 [powerful
others health locus of control], and MHLC subscale 3 [chance
health locus of control]; data not shown).
Higher positive attitudes toward the environment were
significantly associated with using the ¡mZAP! app (OR 5.3,
95% CI 1.6-17.0). To assess potential confounding factors, we
selected variables that were marginally associated with a-EAI
and the use of the ¡mZAP! app, although none of the variables
met the statistical criteria for remaining in the model. Clinically
relevant sociodemographic variables (education level and age)
were forced into the logistic regression model and showed no
confounding between environmental attitudes and the use of
¡mZAP! app.
A statistically significant (P<.01) association persisted when
comparing the highest tertile of a-EAI versus the other two
tertiles and ¡mZAP! app use (adjusted OR 5.4, 95% CI 1.4-20.4).
The Hosmer and Lemeshow goodness-of-fit test [60] was not
statistically significant (P=.89), validating the tested model.

Discussion
Principal Findings
This study was followed by the Community-Centered
Environmental Health Risk Control Model. This theoretically
informed model facilitated the process of learning about
Culebrenses’ environmental health priorities and, more
importantly, the implementation of their community perspectives
in the development of ¡mZAP! app as an mHealth tool tailored
to the community and by the community. This new model
https://www.jmir.org/2021/9/e24671
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contributes to our understanding of behaviors that can lead to
better ICT use among community members, and this model can
be adopted in future studies worldwide.
The main findings of this study are as follows: (1) ¡mZAP! users
were five times more likely to have stronger environmental
attitudes than ¡mZAP! nonusers; (2) a negative relationship
between environmental attitudes and the MHLC powerful others
was observed; and (3) an expectation that the government will
meet the needs of Culebrenses was found.
The study results also suggest that Culebrenses have a strong
use of ICT, where most participants spend up to 5 hours daily
using electronic devices. In contrast, this study also found
important aspects of Culebrenses’ potential interpretations of
and implications for their attitudes toward the environment. For
example, participants with a low perception of health control
were also more likely to have a less positive attitude toward the
environment. This association indicates that attitudes toward
the environment become more negative as the sense that one’s
health is controlled by powerful others increases. Higher scores
on the MHLC powerful others subscale have been previously
demonstrated to affect health outcomes negatively [61,62]. This
relationship could also lead people to become disengaged in
efforts to protect their environment. People may hold conflicting
beliefs because most participants agreed with or were ambivalent
about items that reflected positive inclinations toward the
environment.
As described in previous studies, Culebrenses expressed a
feeling of being forgotten by the Puerto Rican government,
which could partly explain why Culebrenses have a sense of
pride and ownership with respect to Culebra [48]. As a result,
Culebrenses could demonstrate a greater inherent consciousness
of protecting natural resources, the environment, and fragile
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ecosystems, which are also the island’s main tourist
attractions. The results of this study help to empirically reaffirm
Culebra’s positive community attitudes and beliefs toward the
environment. Although the intentions to protect the island were
in the minds of community members, these intentions did not
necessarily translate into the use of ¡mZAP! to protect the
environment and address environmental health risks that affect
islanders.
This study suggests that less time spent living in Culebra was
associated with stronger positive attitudes toward the
environment. This finding is important, particularly considering
that most ¡mZAP! users have lived in Culebra for >11 years.
Perhaps these results suggest that the longer one lives in a
location, the more likely one is to be disincentivized to engage
in behaviors to respond to community environmental challenges.
For example, Culebrenses have been exposed to many
environmental health risks in the past, including solid waste
polluting beaches, improper land development, air pollution,
and most notably, the US military bombing practices [35,63-67].
Although the community advocated against these environmental
injustices in the past [66,67], the ongoing repercussions of these
challenges [31,68] have potentially resulted in reduced
enthusiasm. ¡mZAP! users had higher positive attitudes toward
the environment, which could also translate into an increase in
environmental conscientiousness.
Participants’ beliefs that government agencies are responsible
for responding to environmental risks and community
discrepancies related to environmental challenges help us better
understand Culebrenses’ perceptions of lack of control over the
community’s health. Societal issues that affect the community’s
poor health outcomes extend into the social and ecological
determinants of health [69,70]. The ongoing dependency on
government-based solutions to community problems is
worrisome, especially after the hurricane experiences of 2017
(which may potentially continue to be an issue subsequent to
the more recent 2020 earthquakes).
The catastrophic impact of hurricanes Irma and María and the
inappropriate responses of the Puerto Rican and US governments
may have cemented this perception of lack of control.
Community members experienced the isolation of being
disconnected from the main island of Puerto Rico and the
exacerbation of an unreliable maritime transportation system,
resulting in a societal crisis where health access, common goods,
and food became scarce [71,72].
Culebrenses’ dependency systems and the way social injustices
from the past and the present may have resulted in the perception
of lack of control, which was associated in this study with
negative environmental attitudes, can undermine the good
intentions of community members to protect their land.
Therefore, implementing community-driven approaches to
address environmental health risks or health disparities may not
be sufficient to ensure a successful mHealth tool intervention,
especially when other social conditions work as oppressors.
Socioecological conditions force community priorities to be in
constant transformative change. This transformative change
was especially true after the 2017 hurricane season in Culebra,
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where the emergence of new challenges such as rebuilding
destroyed properties became a new top priority for Culebrenses.
Previous studies suggest that new mobile apps are used between
4% and 20% of the time, with an average session app use of <1
minute. Furthermore, 51% of apps are deleted after the first
week of use [73-78]. In this study, only 12.6% (14/111) of
participants adopted the use of ¡mZAP!. Although the number
of initial users was small, it may be noteworthy that 36% (5/14)
of participants used the mHealth tool more than once. These
adoption and reuse rates are typical when compared with the
adoption rates of other mobile apps. In addition, identifying
proper champions on the island to promote ¡mZAP! presented
a challenge that could have also affected the use of the mHealth
tool. Early identification of community champions has been
previously studied as an approach to develop and increase trust
between community members and investigators, facilitating an
engaging process and a successful community-based research
intervention [79-81].
This research study lacked sufficient power to detect some
potentially meaningful and theoretically driven associations.
The observed associations that were not statistically significant
but which had ORs >1.5 can, therefore, be useful for hypothesis
generation and to inform future studies. Therefore, in a larger
sample, certain relevant predictor variables would have
statistically significant associations with the primary outcome,
such as age, education level, cell phone number and type of
internet per household, daily use of electronic devices, and the
perception of how technology contributes to help fixing
community problems.
The results of this study provide some support for suggesting
that people used ¡mZAP! and were taking self-directed action
by using ICTs to address environmental health challenges in
Culebra. These results, although limited, confirm the objective
of this study to assess the ability of ICTs as tools to engage
islanders in collective actions that address environmental health
risks. However, for other Culebrenses, although they may have
similar intentions to protect the environment, existing higher
community priorities and potential oppressive challenges,
including health care and maritime transportation access, prevent
them from translating their intentions into actions.

Limitations and Strengths
Although this pilot study may offer some insight into directional
relationships via statistically significant associations in this
sample, interpretation of results is limited because of the small
sample size, which restricted power. There may have been a
selection bias, including volunteer bias. The data collected for
this study reflect a one-time snapshot where questions were
self-administered by participants, potentially generating
respondent bias. The hurricane disasters of 2017 may have
substantially affected community perceptions and priorities to
the extent that the development of ¡mZAP! was affected in
unexpected ways.
The empirical findings concerning perceived lack of control
and government dependency systems support conclusions about
how these situations could have a stronger influence on people’s
behaviors. These behaviors could lead to a perpetuation of the
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challenges associated with this population’s unique social
determinants of health. The results from this study should be
further qualified by the fact that people who are less familiar
with technology may not be as represented in this study as those
who are more familiar (eg, those who are younger and have
higher education). These contextual factors are important in
future research to ensure the potential adoption and success of
any ICT.
The study results might only apply to the users of the ¡mZAP!
app, a tool that proactively focuses on environmental health
risks. Anecdotally we know that some community members
were positively affected by the tool (social influence from other
users). The perceptions and priorities of nonusers are likely to
differ. Future studies could explore the relationship between
offline and internet-based generations to address communities’
environmental priorities.
This study had several strengths. Existing partnerships with
collaborators in Puerto Rico facilitated access to the target
population and necessary local ethical review and approval. The
study addressed key goals and objectives of Healthy People
2030, including “Use health communication strategies and health
information technology to improve population health outcomes
and health care quality, and to achieve health equity” [82]. This
is the first study to provide an overview of Culebrenses’
intentions to protect the island’s environment in the context of
mHealth resource use. In addition, this study provides a unique
perspective on how people in remote and underresourced
communities perceive environmental health risk and how those
perceptions affect the use of rapidly advancing mobile
technologies, which can help decrease barriers to access to
health in rural areas [2,83,84]. In conclusion, the study findings
demonstrated the capacity to stimulate collective action by using

Perez-Ramos et al
ICTs as a novel and engaging approach in underresourced rural
locations.

Implications and Future Research
Future research studies should seek to better understand the
factors preventing the use of ¡mZAP! and other ICTs, including
changes in the community’s perceptions and priorities after
natural disasters or other major community-wide challenges. It
is important to explore how ICT use can support, facilitate, or
even drive collective community actions. For example, there
are multiple community-based centers, groups, and institutions,
including a federally qualified health center, a women’s health
community organization, and other grassroot-level
environmental organizations that can be supplied with ¡mZAP!
and other mHealth ICT–related mobile technologies. These
tools could be coupled with educational materials and
community-based initiatives aimed at increasing positive
perceptions of the environment by community members in this
rural setting.
Future research should work toward a better understanding of
community members’ priorities and addressing pre-existing
social determinants, such as those found in this study. Although
other social determinants of health in this study, including
colonialism, were not assessed, this research establishes a
contributing baseline to further investigate the relationship
between health or environmental disparities and the
sociopolitical power imbalances that affect community islands
such as Culebra [85,86]. As community-driven interventions
have been successful in the past, with the understanding that
community work takes time to develop, the findings of this
study can serve as a foundation for future community and ICT
research in Culebra and other locations with similar
environmental health conditions.
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Abstract
Background: Hypertension is a long-term medical condition. Electronic and mobile health care services can help patients to
self-manage this condition. However, not all management is effective, possibly due to different levels of patient engagement (PE)
with health care services. Health care provider follow-up is an intervention to promote PE and blood pressure (BP) control.
Objective: This study aimed to discover and characterize patterns of PE with a hypertension self-management app, investigate
the effects of health care provider follow-up on PE, and identify the follow-up effects on BP in each PE pattern.
Methods: PE was represented as the number of days that a patient recorded self-measured BP per week. The study period was
the first 4 weeks for a patient to engage in the hypertension management service. K-means algorithm was used to group patients
by PE. There was compliance follow-up, regular follow-up, and abnormal follow-up in management. The follow-up effect was
calculated by the change in PE (CPE) and the change in systolic blood pressure (CSBP, SBP) before and after each follow-up.
Chi-square tests and z scores were used to ascertain the distribution of gender, age, education level, SBP, and the number of
follow-ups in each cluster. The follow-up effect was identified by analysis of variances. Once a significant effect was detected,
Bonferroni multiple comparisons were further conducted to identify the difference between 2 clusters.
Results: Patients were grouped into 4 clusters according to PE: (1) PE started low and dropped even lower (PELL), (2) PE
started high and remained high (PEHH), (3) PE started high and dropped to low (PEHL), and (4) PE started low and rose to high
(PELH). Significantly more patients over 60 years old were found in the PEHH cluster (P≤.05). Abnormal follow-up was
significantly less frequent (P≤.05) in the PELL cluster. Compliance follow-up and regular follow-up can improve PE. In the
clusters of PEHH and PELH, the improvement in PE in the first 3 weeks and the decrease in SBP in all 4 weeks were significant
after follow-up. The SBP of the clusters of PELL and PELH decreased more (–6.1 mmHg and –8.4 mmHg) after follow-up in
the first week.
Conclusions: Four distinct PE patterns were identified for patients engaging in the hypertension self-management app. Patients
aged over 60 years had higher PE in terms of recording self-measured BP using the app. Once SBP reduced, patients with low
PE tended to stop using the app, and a continued decline in PE occurred simultaneously with the increase in SBP. The duration

https://www.jmir.org/2021/9/e25630

XSL• FO
RenderX

J Med Internet Res 2021 | vol. 23 | iss. 9 | e25630 | p.496
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Wu et al

and depth of the effect of health care provider follow-up were more significant in patients with high or increased engagement
after follow-up.
(J Med Internet Res 2021;23(9):e25630) doi:10.2196/25630
KEYWORDS
hypertension; health care services; mHealth; patient engagement; electronic follow-up; cluster analysis

Introduction
Background
Hypertension is a lifestyle-induced chronic disease that affects
health-related quality of life. Once the disease deteriorates, it
may cause complications such as stroke, myocardial infarction,
cardiac failure, and renal failure [1]. Controlling hypertension
requires patients to follow long-term self-management plans,
including measuring and recording blood pressure (BP), taking
medicine, conducting physical activities, and healthy eating.
These plans should preferably be established with guidance
from the health care providers and be followed continuously
for hypertension control [2].
The rapid pace of electronic and mobile technology development
has promoted the implementation of out-of-hospital health care
services [3-5]. Mobile health (mHealth) service is defined as
the use of mobile phone and wireless technologies to support
medical and public health care services [6]. Abundant evidence
supports the introduction of mHealth services into chronic
disease control and promoting positive patient behavior [4,7-10].
Although recent studies have demonstrated efficacy for some
mHealth services, some have performed poorly [11-14]. Thus,
there are mixed results for using mHealth services to support
patient self-management of hypertension in the community
[15,16].
Patient engagement (PE) is essential for bringing an
improvement of health outcomes using the mHealth app
[11,17,18]. PE refers to the activation of a patient to engage
with the interventions that are designed to promote positive
health behavior [19]. In a study of a hypertension
self-management app, Toto-Ramos et al [20] found that the
patients with sustained PE, as measured by the number of weeks
that the patients engaged with the app, experienced significant
reduction in systolic blood pressure (SBP). Goyal et al [21]
evaluated the behavior of daily blood glucose reading of patients
and found a significant relationship between increased number
of readings and improved glycated hemoglobin. In comparison
with the traditional methods, mHealth service is advantageous
in improving PE for self-management of hypertension [22,23].
For example, Kaplan et al [24] designed an mHealth app to
facilitate PE in managing hypertension. The app provides a
mobile platform for recording and tracking self-measured BP,
periodic reminders to measure BP, and wireless BP measurement
devices. Their research resulted in significant improvement in
BP for patients and a high level of PE.
In the mHealth field, complex PE patterns emerge when mobile
apps are used for self-management. Some patients register but
never use the app, some use it intermittently, and others
frequently use it for a long period of time. PE can be objectively
https://www.jmir.org/2021/9/e25630
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measured as amount, duration, breadth, and depth of using the
mHealth app [11], and it can also be subjectively measured as
interest, intrigue, focus, inattention, enjoyment, pleasure, etc
[25]. In a study of pain management with a mobile app, Rahman
et al [26] used a clustering technique to identify PE patterns
with the app. They measured PE by 3 key usage features:
duration of app use, frequency of app use, and the number of
usage records. They then used a K-means clustering algorithm
to find groups of patients as indicated by PE because the PE
pattern reflects the behavioral characteristics of patients using
the app. Sanatkar et al [27] also used a clustering technique to
analyze the mHealth app usage data so as to distinguish PE with
the app in an e-mental health community. They measured 5
usage features of PE: number of user logins, number of daily
trackers used, number of learning activities started and
completed, and number of reminders received. Distinct usage
patterns were observed in the frequency of using the app.
To date, the studies on patterns of PE and the associations
between these PE patterns and health outcomes have usually
used various types of static count data (eg, number of logins
and number of records). However, PE is a dynamic, ongoing
process [28]. The change of this dynamic process cannot be
captured simply by analyzing count data captured at a single
date point in the cross-sectional data analysis. Longitudinal
change is useful for identifying trends through analyzing the
time series data. Furthermore, as hypertension management
requires long-term efforts, understanding the trends of PE is
important for the long-term successful management of
hypertension.
Health care provider follow-up can offer continuous and
personalized attention to guide patient’s self-management
behavior in response to the patient’s current BP level [29].
Without health care provider support, it is difficult for patients
to maintain BP control and high levels of PE with an mHealth
app [30], which has often resulted in a high level of dropout
[31,32]. Therefore, follow-up by health care providers is
recommended by the hypertension management guideline in
order to know, track, and intervene in patient’s hypertension
self-management in the long-term [33-35]. In the traditional
outpatient management model, follow-up often takes the form
of home visits by health care providers to promote PE and then
achieve BP control. Despite its proven benefits for hypertension
management, follow-up is not fully implemented by health care
providers due to the high human resources required for patient
follow-up.
In comparison with the traditional format of follow-up, mHealth
health care provider follow-up is a low-cost, convenient means
of follow-up, and patient’s BP, medication, exercise, diet, etc.,
can be checked in the office. In a series of our previous studies
into hypertension management service [36,37], after receiving
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the BP data that a patient entered through the mobile app, the
server could automatically conduct BP data analysis, with the
web-based platform reporting the patient’s BP condition to the
health care provider and reminding the health care provider
which patients needed to follow-up. In response to different
patient health statuses, health care providers can conduct
follow-up through calling and sending short SMS text messages.
Our previous study designed 3 types of follow-ups: compliance
follow-up, regular follow-up, and abnormal follow-up [36,37].
These were conducted to improve compliance, track BP status,
redesign a new plan, and respond to the abnormal BP of patients.
To date, few studies have explored the effect of health care
provider follow-up on PE and BP control in mHealth services
for hypertension management [23]. It is not clear if follow-up
is effective, which type of follow-up is effective, when the
follow-up effect emerges, if there is a differential effect of
follow-up in different patient groups, and how long the
follow-up effect lasts [28,38]. Answers to these questions are
essential for informing the implementation of value-based health
care and providing optimal outcomes in improving the quality
and reducing cost of hypertension management.

Objective
The aim of this study was to explore the patterns of PE with a
hypertension management service and the effect of health care
provider follow-up on PE and BP within the first 4 weeks of
mHealth app usage. This included 3 objectives: (1) to discover
the patterns of PE with the mHealth app and the association
between a series of related variables (age, gender, education
level, the mean SBP, and the number of follow-ups) and the PE
pattern, (2) to explore the health care provider follow-up effect
on PE, and (3) to examine the effect of follow-up on SBP in
each PE pattern.

Methods
Description of the mHealth App
Blood Pressure Assistant (BPA) is a mHealth hypertension
self-management app available for patients in the General
Hospital of Ningxia Medical University [36,37,39]. BPA was
launched in 2015, and since then, 2129 patients have registered
to use the app. The mHealth app was designed in accordance
with a customized care pathway in compliance with the Chinese
guideline for hypertension management. The care pathway
defines tasks for hypertension management for patients and
health care providers.
In this care pathway, each patient is required to register and
provide basic demographic information (ie, name, gender, date
of birth, and education level). The patient is then assigned to a
health care provider, who is responsible for formulating a
tailored management plan, conducting follow-up, and
supervising patients’ uploaded data. The management plan
includes the frequency of self-measured and recorded BP, and
recommendations for medication, physical activities, and diet.
The patient’s uploaded data includes self-measured BP,
medications taken, physical activities, and diet records. The
most important task for health care providers is to track patient’s
current BP level through the web-based platform and use mobile
https://www.jmir.org/2021/9/e25630
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phones for patient follow-ups to assist in BP control. There are
3 types of follow-ups. (1) Compliance follow-up is performed
as a response to the identified low patient compliance with the
hypertension management plan [36]. In this case, health care
providers need to remind the patient to measure and record BP
on a regular basis. (2) Regular follow-up is conducted on regular
basis in order to check the BP level and decide whether or not
to maintain or update the management plan [37]. (3) Abnormal
follow-up is required when patient’s self-measured BP data are
abnormal [36]. Health care providers need to check and
understand the causes of abnormal conditions and intervene in
a timely manner. With consent, the health care provider enrolls
the patient they manage into the mHealth hypertension
management program in an online community. Patients can use
the app to check their self-management plans. Their main task
is to measure and record BP data on a daily basis.

Data Collection
Statement of Ethics
Ethical approval was granted by the Ethic Committee for the
Conduct of Human Research at General Hospital of Ningxia
Medical University (#NXMU-GH-2017-273). Patients in this
study signed the informed consent forms.

Sample
All data were stored and extracted from the BPA server, which
contains the demographic information, self-management plans,
patient-uploaded data, and follow-up records of health care
providers. The primary data set included 2129 patients. We
selected the patient records based on the following criteria:
patients were at least 18 years of age; patients registered to the
app between March 27, 2016, and July 10, 2019 (as the main
functions of the app were consistent during this period, this
could ensure that the patient’s behavior was not affected by the
changes in app functions); and patients continuously measured
and recorded BP more than 4 weeks after registration (as the
control of BP requires at least a 4-week observation period
according to the relevant guidelines) [33-35].

Data Extraction
We extracted 3 types of data from the database: demographics,
BP records, and follow-up records. The demographics
information included the patient identification, data of birth,
gender (male and female), and education level (primary or
secondary school, high school, or university and above). The
BP record data included SBP, diastolic blood pressure, and the
uploaded date (containing year, month, day, minute, and
second). Due to the high correlation between SBP and diastolic
blood pressure, only SBP was used for analysis. The information
specific to the follow-up records included patient ID, follow-up
type (compliance follow-up, regular follow-up, and abnormal
follow-up), and follow-up date.

Data Analysis
Measuring PE
In accordance with the hypertension management guidelines
[33-35], we defined the time unit of observation as 1 week. The
behavior of measuring BP is a basic behavior in hypertension
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doing physical activities, and eating healthy) need to be based
on patient’s current BP level. Therefore, in this study, patient
engagement was indicated by the number of days that a patient
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recorded self-measured BP per week (see Figure 1). The analysis
period was the first 4 consecutive weeks after the initial patient
registration.

Figure 1. Example of patient engagement and follow-up for a patient within 4 weeks. (A) Example of patient engagement. (B) Example of the number
of different types of follow-ups. BP: blood pressure.

Cluster Analysis
Cluster analysis was conducted to group the patients into
different PE patterns. K-means algorithm (Python 3; Python
Software Foundation) was used to cluster patients by PE [40].
Dynamic time warping was used to calculate the similarity of
PE between patients because this feature was represented as
time series data [41]. We then used silhouette score to determine
the optimal number of clusters [42]. The silhouette score
measured the distance between clusters based on the distance
between the PE of patients as determined by dynamic time
warping. A higher silhouette score indicates tighter clusters,
where each cluster is completely separate from the others.

Characterizing the Clusters
An optimal clustering result was reached based on the silhouette
score of a different number of clusters. For each cluster, we
analyzed the demographic features (the distribution of age,
gender, and education level); BP features, including the
distribution of mean SBP in the first week (representing the
initial BP conditions in hypertension management) and the trend
of weekly mean SBP; and follow-up features (the distribution
of the number of the 3 types of follow-ups in each of the 4
weeks; see Figure 1).

The Effect of 3 Types of Follow-ups on PE and SBP
The follow-up effect was calculated by the change in PE (CPE)
and the change in SBP (CSBP) before and after each follow-up,
which were defined as follows:
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where PEi+1 is PE in the week after a follow-up event, PEi is
PE in the week of the follow-up even, SPBi+1 is the mean SBP
in the week after a follow-up event, SPBi is the mean SBP in
the week of the follow-up event, and N is the number of
follow-ups performed by health care providers.
Statistical analysis was conducted in SPSS version 24 (IBM
Corp). Chi-square test was performed to evaluate the statistical
significance of associations between the clusters and the discrete
variables (demographic, BP, and the number of follow-ups).
Pairwise comparisons were conducted using the z scores to
compare difference in the proportion of discrete variables
between the clusters. Analysis of variance (ANOVA) was
employed to analyze the changes in outcome parameters (CPE
and CSBP) after follow-up in each of the 4 weeks. Once a
significant change was detected, Bonferroni multiple
comparisons were further conducted to examine the differences
between the clusters. A P value <.05 was used to determine
whether the difference was statistically significant.

Results
PE Patterns
A total of 562 patients met the selection criteria and were
included in the study. We found that the silhouette score was
the highest with 4 clusters of patients (see Figure 2). Hence, we
accepted the 4-cluster output of K-means (see Table 1) for
further analysis. The PE of each cluster within 4 weeks was
significantly different (P<.001).
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Figure 2. Comparison of the silhouette score for the different numberd of clusters (range from 3 to 7).

Table 1. Comparison of PE in the 4 clusters.

a

PELLb, mean (SD)

PEHHc, mean (SD)

PEHLd, mean (SD)

PELHe, mean (SD)

a

PE (Days/week)

(n=183)

(n=142)

(n=148)

(n=89)

P value

Week 1

1.9 (1.1)

6.4 (1.1)

5.8 (1.2)

2.4 (1.3)

<.001

Week 2

0.8 (1.3)

6.6 (0.8)

4.8 (1.9)

3.5 (2.0)

<.001

Week 3

0.8 (1.3)

6.4 (0.9)

3.2 (2.1)

4.3 (2.0)

<.001

Week 4

0.6 (0.8)

6.3 (0.9)

1.8 (1.3)

4.6 (1.5)

<.001

PE: patient engagement.

b

PELL: patient engagement started low and dropped even lower.

c

PEHH: patient engagement started high and remained high.

d

PEHL: patient engagement started high and dropped to low.

e

PELH: patient engagement started low and rose to high.

There were 4 distinctive change patterns of PE (see Figure 3).
The first cluster contained 183 patients. They started recording
their BP 1.9 days/week (SD 1.1 days/week) and then decreased
every week to around 0.6 days/week (SD 0.8 d days/week) in
the fourth week. We referred this cluster as “PE started low and
dropped even lower” (PELL) cluster. The second cluster
contained 142 patients who were consistently active engaging
in BP recording throughout the whole period. On average they
recorded the BP for more than 6 days per week. Therefore, we
referred them as the “started high and remained high” (PEHH)
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cluster. The third cluster contained 148 patients who started
with a high level of recording (5.8 days/week, SD 1.2
days/week) that then decreased every week to around 1.8
days/week (SD 1.3 days/week) in the fourth week. We referred
them as the “PE started high and dropped to low” (PEHL)
cluster. The fourth cluster contained 89 patients who began
recording self-measured BP 2.4 days/week (SD 1.3 days/week)
and gradually increased every week to around 4.6 days/week
(SD 1.5 days/week) in the fourth week. We referred them as
the “PE started low and then rose to high” (PELH) cluster.
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Figure 3. The patient engagement patterns of the 4 clusters and the 4-week mean SBP curve of the 4 clusters. BP: blood pressure; SBP: systolic blood
pressure. PELL: patient engagement started low and dropped even lower; PEHH: patient engagement started high and remained high; PEHL: patient
engagement started high and dropped to low; PELH: patient engagement started low and rose to high.

The Demographics, SBP, and Follow-up
Characteristics of the PE Patterns
The Association Between Demographic Factors and the
PE Pattern
The distribution of age, gender, and education level in each
cluster is presented in Table 2. The majority of patients
(387/562, 68.9%) were between 40 and 60 years old. Chi-square
test found a statistically significant association between age and
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the PE pattern (P=.001). There was no significant difference in
the distribution of patients under 60 years old in each PE pattern,
but there were many more patients aged over 60 years old in
the PEHH cluster than in the other clusters (P<.05).
Chi-square test did not find a statistically significant association
between the PE pattern and gender or education level. There
were many more male patients (338/562, 60.1%) using the BPA
than female patients. Moreover, 50.5% (284/562) of patients
had a university degree.
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Table 2. The distribution of demographic characteristics in each cluster.
PELLa (n=183)

Characteristic

PEHHb (n=142)

PEHLc (n=148)

PELHd (n=89)

Age, n (%)

.001

18<age≤40

24 (13.1)

14 (9.8)

27 (18.2)

11 (12.4)

40<age≤60

131 (71.6)

86 (60.6)

104 (70.3)

66 (74.1)

Age>60

28 (15.3)

42 (29.6)

17 (11.5)

12 (13.5)

Gender, n (%)

.37

Male

102 (55.7)

84 (59.2)

95 (64.2)

57 (64.0)

Female

81 (44.3)

58 (40.8)

53 (35.8)

32 (36.0)

Education, n (%)

a

P value

.45

Primary or secondary school

14 (7.6)

6 (4.2)

5 (3.4)

2 (2.2)

High school

79 (43.2)

61 (43.0)

68 (45.9)

43 (48.3)

University and above

90 (49.2)

75 (52.8)

75 (50.7)

44 (49.4)

PELL: patient engagement started low and dropped even lower.

b

PEHH: patient engagement started high and remained high.

c

PEHL: patient engagement started high and dropped to low.

d

PELH: patient engagement started low and rose to high.

The Association Between the Initial BP Conditions and
the PE Pattern
The mean SBP in the first week represented the initial BP
conditions in hypertension management. The chi-square test
showed a statistically significant association between the mean

SBP in the first week and the PE pattern (P<.001; see Table 3).
z scores identified a significantly higher proportion of patients
with high SBP (between 160 mmHg and 179 mmHg) in the
PELL cluster in the first week than in the PEHL cluster (P<.05).
The majority of patients (316/562, 56.2%) had a mean SBP
between 120 mmHg and 139 mmHg in the first week.

Table 3. The distribution of the first week mean SBP in each cluster (P<.001).
SBPa

a

PELLb, n (%)

PEHHc, n (%)

PEHLd, n (%)

PELHe, n (%)

(n=183)

(n=142)

(n=148)

(n=89)

SBP<120

19 (10.4)

13 (9.2)

23 (15.5)

7 (7.9)

120≤SBP≤139

90 (49.2)

91 (64.1)

91 (61.5)

44 (49.4)

140≤SBP≤159

53 (29.0)

35 (24.6)

32 (21.6)

34 (38.2)

160≤SBP≤179

16 (8.7)

3 (2.1)

2 (1.4)

4 (4.5)

SBP≥180

5 (2.7)

0 (0)

0 (0)

0 (0)

SBP: systolic blood pressure.

b

PELL: patient engagement started low and dropped even lower.

c

PEHH: patient engagement started high and remained high.

d

PEHL: patient engagement started high and dropped to low.

e

PELH: patient engagement started low and rose to high.

The Trend of Weekly Mean SBP in Each PE Pattern
Across 4 weeks of management, the mean SBP of all 4 clusters
declined at different rates (see Figure 3). Pairwise comparisons
of the mean SBP between 4 weeks in each cluster revealed that
in the clusters of PELL (P=.002), PEHH (P=.006), and PELH
(P<.001), the mean SBP had significantly reduced from the
second week. In the PEHL cluster, the significant reduction of
SBP appeared from the third week (P=.02). The PELL cluster
experienced a greater reduction in the mean SBP in the third
week compared to the other clusters, but the SBP of users in
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this cluster increased more than did the others in the fourth
week.

The Number of Follow-ups in Each PE Pattern
The amount of the 3 types of follow-ups were significantly
different (P=.03) in the 4 clusters (see Table 4). Abnormal
follow-up was performed significantly less frequently (P<.05)
in the PELL cluster than in the clusters of PEHH and PEHL.
The distribution of follow-up in each of the 4 weeks was not
significantly different in the 4 clusters. Most (338/680, 49.7%)
follow-ups were performed in the first week.
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Table 4. The distribution of the number of 3 types of follow-ups and the number of follow-ups in each of the 4 weeks in each cluster.
Value

PELLa (n=183)

PEHHb (n=142)

PEHLc (n=148)

PELHd (n=89)

Type, n (%)

.02

Compliance

77 (46.1)

53 (31.4)

74 (39.2)

57 (41.9)

Regular

80 (47.9)

87 (51.5)

85 (45.0)

61 (44.9)

Abnormal

10 (6.0)

29 (17.2)

30 (15.9)

18 (13.2)

Time, n (%)

a

P value

.11

Week 1

90 (51.7)

86 (50.3)

96 (49.2)

66 (47.1)

Week 2

50 (28.7)

44 (25.7)

40 (20.5)

36 (25.7)

Week 3

13 (7.5)

14 (8.2)

23 (11.8)

23 (16.4)

Week 4

21 (12.1)

27 (15.8)

36 (18.5)

15 (10.7)

PELL: patient engagement started low and dropped even lower.

b

PEHH: patient engagement started high and remained high.

c

PEHL: patient engagement started high and dropped to low.

d

PELH: patient engagement started low and rose to high.

The Effect of Follow-up on PE and SBP in Each PE
Pattern
The Effect of Each Type of Follow-up on PE
The results of ANOVA revealed the significant main effects of
cluster (F=15.09; P<.001) and type (F=5.442, P=.005), and the
cluster–type interaction effect (F=2.60; P=0.02) on PE (see
Table 5). Bonferroni multiple comparisons found that after the
3 types of follow-up, the CPE between the 4 clusters had the
following statistically significant differences: (1) for the
compliance follow-up, PE in the PELL cluster had a
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significantly larger drop than did the PEHH (P=.02) and PELH
(P<.001) clusters, and improvement in PE in the PELH cluster
was significantly higher than that of the PELL (P<.001) and
PEHL (P<.001) clusters; (2) for the regular follow-up, PE in
the PEHL cluster had a significantly larger drop than did the
clusters of PELL (P=.01), PEHH (P=.01), and PELH (P<.001);
and (3) for the abnormal follow-up, the decrease in PE in the
PEHL cluster was significantly lower than that of the PEHH
cluster (P=.01). Compliance follow-up improved PE in the
PEHH and PELH clusters. Regular follow-up improved PE in
the PELH cluster.
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Table 5. The effect of 3 types of follow-ups on patient engagement and the effect of follow-up in each of the 4 weeks on PE. Multiple comparisons of
the 4 clusters (at the .05 level).
CPEa (Days/week)

PELLb, mean (SD)

PEHHc, mean (SD)

PEHLd, mean (SD)

PELHe, mean (SD)

(n=183)

(n=142)

(n=148)

(n=89)

Compliance

–0.6 (1.7)

0.5 (1.5)f

–0.3 (2.5)

1.31 (2.3)f,h

<.001

Regular

–0.1 (1.2)

–0.2 (1.4)

–1.1 (2.3)f,g

0.67 (2.7)h

<.001

Abnormal

–0.1 (1.0)

–0.1 (1.4)

–1.8 (2.3)g

–0.39 (2.3)

.01

Week 1

–0.7 (1.6)

0.3 (1.7)f

–0.8 (2.3)g

1.2 (2.5)f,g,h

<.001

Week 2

0.1 (1.2)

0 (0.9)

–1.5 (2.7)f,g

1.4 (2.1)f,g,h

<.001

Week 3

–0.2 (1.3)

0.4 (1.0)

–1.6 (2.1)g

0.3 (2.5)h

.01

Week 4

–0.2 (1.4)

–0.7 (1.7)

–0.1 (2.7)

–1.5 (2.5)

.10

P value

Type

Time

a

CPE: change in patient engagement.

b

PELL: patient engagement started low level and dropped even lower.

c

PEHH: patient engagement started high and remained high.

d

PEHL: patient engagement started high and dropped to low.

e

PELH: patient engagement started low and rose to high.

f

The given cluster is significantly different from the PELL cluster.

g

The given cluster is significantly different from the PEHH cluster.

h

The given cluster is significantly different from the PEHL cluster.

The Effect of Follow-up on PE in Each of the 4 Weeks
The results of ANOVA revealed the significant main effects of
the cluster (F=10.335; P<.001) and time (F=2.870; P=.04), and
the cluster–time interaction effect (F=5.168; P<.001) on PE
(see Table 5). Bonferroni multiple comparisons found that after
the follow-up in each of the 4 weeks, the CPE between the 4
clusters had the following statistically significant differences:
in week 1, the improvement in PE in the PELH cluster was
significantly higher than that of the clusters of PELL (P<.001),
PEHH (P=.03), and PEHL (P<.001); in week 2, the PE in the
PEHL cluster had a significantly larger drop than that of the
clusters of PELL (P=.001), PEHH (P=.01), and PELH (P<.001),
and the improvement in PE in the PELH was significantly higher
than that of the clusters of PELL (P=.01), PEHH (P=.01), and
PEHL (P<.001); and in week 3, the PE in the PEHL cluster had
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a significantly larger drop than that of the PEHH (P=.02) and
PELH (P=.01) clusters. Follow-up improved PE in the PEHH
and PELH clusters in first 3 weeks and only in the second week
in the PELL cluster, but had no effect on the PEHL cluster in
any of the 4 weeks.

The Effect of Each Type of Follow-up on SBP
The results of ANOVA revealed significant main effects of
cluster (F=2.789; P=.04) and type (F=1.137; P=.32), but no
cluster–type interaction (F=0.956; P=.46) effect on SBP (see
Table 6). The mean SBP of all 4 clusters of patients reduced
after 3 types of follow-ups except for the abnormal follow-up
in the PELL cluster. Bonferroni multiple comparisons showed
that after the compliance follow-up, the PELH cluster had a
significantly higher level of SBP decline than did the PEHL
cluster (P=.003).
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Table 6. The effect of 3 types of follow-ups on systolic blood pressure and the effect of follow-up in each of the 4 weeks on systolic blood pressure.
Multiple comparisons of the 4 clusters (at the .05 level).
CSBPa (mmHg)

PELLb, mean (SD)

PEHHc, mean (SD)

PEHLd, mean (SD)

PELHe, mean (SD)

(n=183)

(n=142)

(n=148)

(n=89)

Compliance

–3.4 (11.4)

–2.5 (5.8)

–0.9 (6.2)

–6.7 (10.5)f

.01

Regular

–3.7 (11.3)

–2.1 (6.4)

–2.4 (9.1)

–4.5 (8.7)

.33

Abnormal

1.8 (8.5)

–2.6 (6.3)

–1.7 (7.2)

–3.1 (11.0)

.66

Week 1

–6.1 (12.7)

–3.0 (6.5)

–2.5 (7.1)

–8.4 (9.8)f,g

<.001

Week 2

–2.1 (7.7)

–1.3 (5.2)

–0.1 (5.5)

–4.2 (9.0)

.09

Week 3

1.4 (13.5)

–3.2 (6.3)

2.2 (8.9)

–0.3 (10.3)

.04

Week 4

2.6 (6.2)

–1.7 (6.3)

–3.7 (10.7)

–3.4 (4.8)

.28

P value

Type

Time

a

CSBP: change in systolic blood pressure

b

PELL: patient engagement started low and dropped even lower.

c

PEHH: patient engagement started high and remained high.

d

PEHL: patient engagement started high and dropped to low.

e

PELH: patient engagement started low and rose to high.

f

The given cluster is significantly different from the PEHL cluster.

g

The given cluster is significantly different from the PEHH cluster.

The Effect of Follow-up on SBP in Each of the 4 Weeks
The results of ANOVA revealed significant main effects of
cluster (F=2.697; P=.045) and time (F=7.561; P<.001), but no
cluster–time interaction effect (F=1.600; P=.11) on SBP (see
Table 6). Bonferroni multiple comparisons showed that the
PELH cluster in the first week had a significantly higher level
of SBP decline than did the PEHH (P=.001) and PEHL (P<.001)
clusters. The SBP decreased within the first 2 weeks in all 4
clusters and continued to fall in the PEHH and PELH clusters
over 4 weeks. Overall, the SBP was more reduced in the PELL
(–6.1 mmHg) and PELH (–8.4 mmHg) clusters than in the others
in the first week.

Discussion
Principal Findings
PE Patterns
This study explored patterns of PE with the hypertension
self-management app and identified the effect of health care
provider follow-up on PE and SBP in each PE pattern in the
first 4 weeks after registration. For the first time, we found 4
dynamic trends of PE in a sample of 562 patients who used the
mHealth app to record self-measured BP. Two clusters started
with a high level of engagement, with one remaining at a high
level throughout and the other dropping. Two clusters started
with low engagement, with one increasing the level of
engagement and the other dropping.
The majority of patients (387/562, 68.9%) were mainly between
40 and 60 years old. There was no difference in the distribution
of patients under 60 years of age in each PE cluster; however,
there were more patients aged over 60 years in the continuously
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high engagement cluster than in the other clusters. This may
suggest that the patients over 60 years of age were more likely
to engage in recording self-measured BP using the mHealth app
for hypertension self-management. This may be attributed to
the high level of awareness of the risk of hypertension because
age is an important contribution factor to the development of
hypertension [16,43]. Our finding is consistent with that of
Goyal et al [15] in which older participants completed more
planning challenges for chronic disease management than did
younger participants. However, the finding of Kruse et al [10]
was not consistent with our observations. They found that
patients over the age of 65 years were less likely to use the
mHealth service due to problems understanding the information,
difficulty using technology, and inability to access the internet
[10].
In this study, there were more male patients than female patients,
which may be attributed to males being more prone to using
mHealth services for hypertension management [44,45].
However, we did not find a significant difference in the
proportion of males and females in each PE pattern. It appears
that, although more males used the mHealth services than did
females [44], they had the same level of PE with the mHealth
service. Abd-alrazaq et al [30] found that gender did not affect
intention to use the mHealth service, which was in line with our
findings. However, Chung et al [46] found that females with
heart failure were more adherent to the sodium-restricted diet
than males, and Goyal et al [15] found that PE levels among
female users with chronic disease were slightly higher than
those among male users. Therefore, the gender differences in
PE with mHealth apps does not appear to be conclusive.
The relationship between PE and SBP in the PELL cluster is
worth noting. Patients in the PELL cluster reported a higher
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SBP in the first week, and after 3 weeks of management, the
SBP decreased more compared with the other clusters. Patients
then began to stop using the app, and this decline in PE
continued simultaneously with the increase in SBP. It may be
the case that patients felt they reached the BP goal and ceased
use of the app [27,47]. This may give evidence to suggest that
controlling BP requires continuous engagement in hypertension
self-management [35].

The Effect of 3 Types of Follow-ups on PE and SBP
Health care provider follow-up is essential for the prevention
and treatment of hypertension. It is necessary to understand
which type of follow-up is effective for which patient group
[2]. Compliance follow-up, which was provided when the
patients showed signs of reducing compliance in recording
self-measured BP, had a positive effect on PE in the PEHH and
PELH clusters. Regular follow-up, which was provided at a
fixed interval, only had a positive effect on PE in the PELH
cluster. These follow-ups might have been taken as the cue for
engagement behavior for these patients, who may have
awareness of hypertension self-management, but need cues for
action. Interestingly, abnormal follow-up had no effect on any
cluster of patients despite it being performed when the patient’s
BP was abnormal. These findings suggest that different types
of follow-ups had different effects on patients’ behavior of
recording self-measured BP.
The content and method of follow-up are important to achieving
a follow-up effect [48-50]. One study showed that health care
providers have individual inherent preferences for the type of
follow-up content to be provided to the patient [18]. Abd-alrazaq
et al [30] found that the health care provider factor was related
to patients’ intension to engage in mHealth services. In our
study, follow-up was performed through the mobile phone after
health care providers received a reminder from the mHealth
app. Other ways to improve PE, such as routine reminders
combined with games, have yielded higher user engagement
[16], and users seem to prefer simple, short voice messages over
text messages because of communication trust and increased
accessibility [51]. Cechetti et al [52] developed and implemented
an mHealth app with a gamification method for hypertension
management, which proved to be effective in promoting PE
[52].
The mean SBP of all 4 clusters of patients reduced after 3 types
of follow-ups except for abnormal follow-up in the PELL
cluster. We also found abnormal follow-up was performed less
frequently in the PELL cluster than in the others. This may be
attributed to patients in the PELL cluster having a low level of
engagement in recording self-measured BP, which resulted in
the mHealth app not detecting the patient’s abnormal BP
condition and reminding the health care provider to follow-up.
The PELH cluster developed positive PE and achieved SBP
control after 3 types of follow-ups. This is in agreement with
the observation that follow-up can motivate patients to engage
in self-management. Positive feedback from PE after follow-up
has been shown to be beneficial for BP control [53-55].
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The Effect of Follow-up in Each of the 4 Weeks on PE
and SBP
One study reported that 74.84% of app-only users stopped using
an mHealth physical activity management app by day 43 [56].
This suggests that the duration of patient “stickiness” with the
fully automatic mHealth services is limited and needs to be
complemented by human support to keep momentum. Little is
still known concerning the extent and duration of the effect of
health care provider follow-up on self-management of
hypertensive patients. This study found that the effect of
follow-up on the PEHH and PELH clusters lasted until the third
week, only had a small impact on the PELL cluster in the second
week, and had no effect on the PEHL cluster at any time point.
The effect duration of different types of follow-ups varied across
each PE pattern. This may suggest that a fixed care pathway
based only on patient’s BP level would not work for all types
of patients. Chronic disease management also needs to consider
the patient’s behavior and personal preferences. Our results
support the design of patient-centered follow-up plans that
incorporate social behavioral characteristics and preferences of
patients into chronic disease management [14].
After 4 weeks of mHealth services being used, the mean SBP
of all 4 clusters decreased. Interestingly, in the first week, the
PELL and PELH clusters had a higher level of decline in SBP
than did the other clusters. This may be the reason why the
PELL cluster was complacent and did not actively engage in
recording self-measured BP. Taking the advice of the health
care providers may motivate those in the PELH cluster to
increase their level of engagement. In the first 2 weeks, all 4
clusters of patients experienced a decline in SBP. Only the
PEHH and PELH clusters maintained the SBP reduction through
the fourth week, supporting the notion that hypertension
management requires ongoing effort in monitoring BP to help
patients improve their awareness of their own condition.

Strengths and Limitations
The strength of this study was that, first, the study used the
longitudinal data collected in the first 4 weeks of patient
registration with the mHealth service, which is informative for
characterizing the changing trend of PE with hypertension
management under an mHealth service. The findings are useful
for continuous improvement of mHealth services for
hypertension management. To the best of our knowledge, no
other study has used longitudinal data to describe patterns of
PE with a hypertension self-management app. Second, we
analyzed the effect of health care provider follow-up on PE and
SBP in each PE pattern. Our findings revealed the relationship
between PE, BP, and health care provider follow-up. This
provides evidence to support the further design of appropriate
types of follow-ups for patients. Finally, we observed PE from
real-world patients, which can reveal patient behavior in a
natural setting, rather than recruited patients who would be more
likely to overcome the burden associated with research work
[57]. This helped to generate implementable, practical insights
for the engagement of actual patients in daily hypertension
management.
The study had 4 limitations. First, we excluded patients who
used the app for fewer than 4 weeks after registration. This
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might have produced a bias toward more positive findings of
PE with the mHealth app and thus may limit the generalizability
of our findings to those patients who drop out of the mHealth
service early. Second, we only investigated the PE trend with
the mHealth service in the first 4 weeks of hypertension
management. Future study can further investigate the PE pattern
after this period of time. Third, we defined PE as the behavior
of recording self-measured BP. There are many other usage
behaviors, such as taking medicine, engaging in physical
activities, and keeping a healthy diet, which should be analyzed
in future studies. Fourth, the different engagement behaviors
could have arisen from various demographic and social
psychological characteristics of patients (such as marital status,
profession, anxiety, depression), so these factors need to be
considered in future studies.
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Conclusions
By analyzing the 4-week log data from a hypertension
self-management app, BPA, this study identified the 4 distinct
PE patterns in using an mHealth app for hypertension
self-management. We also characterized the different effects
of 3 types of health care provider follow-up on PE and SBP.
Results showed how patients engaged with the mobile app and
how health care provider follow-up affects or does not affect
their engagement and BP. Our findings may inform the design
and help strengthen health care provider follow-up strategies
to improve outpatient engagement with mHealth apps for
hypertension management. Future work needs to clarify the
long-term engagement of patients with hypertension health care
services. The indicators of PE should be broadened to include
multiple types of usage behavior, and the effect of patient
provider follow-up needs to be associated with patients’ various
demographic and socio-psychological characteristics.
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Abstract
Background: In the United States, the number of people experiencing homelessness has continually increased over the last 3
years. Homelessness is associated with poor health, and people experiencing homelessness are often burdened with high rates of
chronic and mental health conditions, functional limitations, and cognitive impairment. Despite the high burden of chronic illness
and functional limitations, there is limited literature exploring self-management among homeless populations.
Objective: This study aims to investigate how access to smartphone technology facilitates self-management, including the
attainment of social needs within the context of homelessness.
Methods: A secondary analysis of 33 exit interviews from 2 feasibility studies related to mobile health interventions among
people experiencing homelessness was conducted. Iterative thematic analysis was used to identify themes representative of
participants’ experiences using smartphone technology.
Results: Collectively, participants revealed not only how the context of homelessness constrained their ability to engage in
activities necessary to self-manage health and meet social needs but also how consistent and predictable access to the tools
available through a smartphone changed their behaviors and outlook. The global theme of empowered by technology was identified
and defined as how having a smartphone with a plan for unlimited text, calling, data, and transportation allowed participants to
navigate homelessness and facilitated self-management.
Conclusions: People experiencing homelessness used the tools on a smartphone to make decisions, take action, solve problems,
and use the resources—skills necessary for fulfilling tasks required for effective self-management. Further, consistent access to
smartphone technology and transportation empowered participants to meet the requirements for the attainment of social needs.
(J Med Internet Res 2021;23(9):e27787) doi:10.2196/27787
KEYWORDS
homelessness; self-management; smartphone technology; social needs; mobile phone

Introduction
Background
In the United States, the number of people experiencing
homelessness has continually increased over the last 3 years,
with a 3% increase from 552,830 in 2018 to 567,715 in 2019
https://www.jmir.org/2021/9/e27787
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[1]. This number is likely to increase during the ongoing
COVID-19 pandemic [2]. Homelessness is associated with poor
health, and people experiencing homelessness are often
burdened with high rates of chronic and mental health
conditions, functional limitations, and cognitive impairment
[3-5]. Furthermore, the rates of disability are high among people
experiencing homelessness. In 2016, almost 50% of people
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experiencing homelessness had some type of disability compared
with 20% of the general US population [6].
The reasons for poor health are multifactorial and include risk
factors that increase the risk of homelessness in the first place,
such as early life poverty, mental illness, and substance use
disorders. However, many risk factors are secondary to the
conditions of homelessness, such as poor nutrition, exposure to
communicable diseases, harsh living conditions, and violence
[7,8]. Many people experiencing homelessness face difficulties
in connecting to and accessing appropriate health and social
services because of social and psychological barriers such as
stigma, lack of trust in health care providers, and transient
lifestyles [9-11]. Furthermore, people experiencing homelessness
struggle to meet the basic needs such as food, shelter, and
transportation, resulting in self-management of chronic health
conditions being overlooked or neglected [12-14]. These barriers
and competing priorities contribute to adverse outcomes,
including reliance on emergency departments (EDs) or hospitals
for nonemergent health care services and increased risk of
30-day hospital readmissions [15-17].
Self-management has been defined as “the ability of the
individual, in conjunction with family, community, and health
care professionals, to manage symptoms; treatments; lifestyle
changes; and psychosocial, cultural, and spiritual consequences
of health conditions” [18] and requires patients to perform a
variety of day-to-day tasks to manage symptoms, treatments,
and consequences of chronic conditions [19]. A component of
self-management also includes developing the skills needed to
devise, implement, evaluate, and revise plans to take charge of
one’s own health [20]. Given that self-management requires
planning ahead, dedicated resources, and access to information,
it is not surprising that homelessness poses unique barriers to
successful self-management. For example, people experiencing
homelessness have described poor sleeping conditions, limited
food choices, limited income, and a lack of access to storage as
barriers to self-management [21].
Despite the high burden of chronic illness and functional
limitations, there is limited literature exploring self-management
among homeless populations. To the extent that
self-management has been investigated among people
experiencing homelessness, outcomes are encouraging [22-24].
In addition, Merdsoy et al [21] explored the perceptions, needs,
and preferences for self-management among men experiencing
homelessness. They found that the majority of participants
perceived self-management as important, but complex
challenges related to homelessness, including lack of social
support and limited access to communication technology,
dictated unique self-management support needs [21].
Given the distinct context of homelessness and the importance
of social support and access to information and communication
for effective self-management, smartphone technology may be
a useful tool to facilitate self-management activities among
people experiencing homelessness. In the United States,
smartphones are ubiquitous. For people experiencing
homelessness who often encounter many barriers to
communication and information seeking, smartphones allow
for multiple resources in one tool, helping overcome access
https://www.jmir.org/2021/9/e27787
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barriers. Prior evidence suggests that the connectivity provided
by smartphones can decrease social isolation and facilitate
communication between peers, family, and service providers
[25]. In addition, pilot studies have investigated using phone
calls for improving medication adherence [26], apps for
improving mental health [27], and text messaging for
appointment reminders [28] and improving physical activity
[29] among people experiencing homelessness. This burgeoning
body of evidence suggests that people experiencing
homelessness are welcoming and supportive of using
smartphone technology to address their health care issues, and
smartphone technology has also been identified as a feasible
tool for self-management support among people experiencing
homelessness [25].

Objective
The purpose of this study is to investigate how access to
smartphone technology facilitates self-management, including
the attainment of social needs within the context of
homelessness. The methods and results are reported in
accordance with the Consolidated Criteria for Reporting
Qualitative studies checklist [30].

Methods
Overview
This study is a secondary analysis of exit interviews from 2
pilot studies investigating the preliminary outcomes of two
mobile health interventions among people experiencing
homelessness [25]. Both studies were conducted in Austin,
Texas, United States. The first pilot study was a 4-month study
designed to improve care coordination and reduce acute health
care utilization among people experiencing homelessness [25].
The second was a 1-month study designed to improve
medication adherence among people experiencing homelessness.
In each study, participants were recruited from 3 churches that
provided services to people experiencing homelessness.
Convenience sampling was used, and potential participants were
referred by community partner site staff or volunteers to the
research team for study eligibility and screening (for eligibility
criteria for each study, refer to Textbox 1). At baseline, the first
author (WT) administered a series of baseline assessments to
collect demographic data and self-reported health history,
medication adherence, social support, and recent hospitalizations
or ED visits. Upon enrollment into the study, participants
received a study-assigned smartphone activated with a plan for
unlimited text, calling, data, and public transportation.
Exit interviews were conducted between February and June
2019 with 16 people experiencing homelessness who
participated in the first study and between August and September
2019 with 17 people experiencing homelessness who
participated in the second study. The semistructured interviews
included questions about participating in the study, having and
using a smartphone, ED or hospital visits during the study
period, and medication use. The interviews allowed participants
to share their experiences with smartphone technology and how
access to a smartphone with a data plan and access to unlimited
public transportation affected their daily lives and routines. For
this secondary analysis, investigators focused on the component
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of the interview in which participants described how they used
their smartphones to accomplish various daily tasks. Interviews
were conducted by the first author (WT) in quiet, private
locations in church-based entities from which the participants
had been recruited. Interviews were digitally recorded, and a
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team of graduate students transcribed and verified each
interview. Both studies were approved by the university
institutional review board, and informed consent was obtained
before participant enrollment.

Textbox 1. Inclusion criteria for research studies.
Study 1
•

Aged ≥18 years

•

Currently experiencing homelessness (defined as where the person had slept most nights in the previous 30 days)

•

Currently prescribed at least two medications for chronic health conditions (self-report)

•

Diagnosis of at least one chronic health condition (self-report)

•

At least two hospitalizations or emergency department visits in the past 6 months (self-report)

•

Score of at least 10 on the Patient Health Questionnaire-9

Study 2
•

Aged ≥18 years

•

Currently experiencing homelessness (defined as where the person had slept most nights in the previous 30 days)

•

Currently prescribed at least two medications for chronic health conditions (self-report)

•

Diagnosis of at least one chronic health condition (self-report)

•

At least two hospitalizations or emergency department visits in the past 6 months (self-report)

•

Score of at least 4 on the Rapid Estimate of Adult Literacy in Medicine-Short Form

Data Analysis
Overview
Iterative thematic analysis situated within a critical realism
framework [31] was used to explore how participants
incorporated smartphone technology into their lives and how
the broader social context of homelessness influenced their
experiences with technology and their interpretations of those
experiences [32]. Three authors (WT, MS, and LRM) of this
paper independently read 3 transcripts to familiarize themselves
with the data before independently conducting line-by-line
coding and then meeting to discuss the initial themes. After 2
subsequent rounds of independent coding and discussion, the
team reached consensus on the themes and finalized the
codebook. Once consensus regarding the codebook was reached,
the remaining transcripts were divided between the 3-member
coding team to independently code, and iterative analyses
continued until saturation of major themes was achieved.
Dedoose software (SocioCultural Research Consultants) was
used to facilitate coding and data management.

Qualitative Rigor

participants’ direct quotes. Credibility of data analysis was
enhanced by having each of the first 3 authors (WT, MS, and
LRM) critically analyze the data before reflecting on the analytic
process. This process enabled the authors to discuss negative
cases, which facilitated a thick description of the data [33].
Reflexivity was maintained through ongoing documentation in
a research log, comparing these notes against the data and
engaging in whole-group discussions about the reflections.

Sample
A total of 31 unique individuals are represented in the 33
interviews. On average, participants were 42.7 (SD 9.67) years
and had been experiencing homelessness for a mean of 7.4 years
(range 1 month to 30 years). Of the 31 participants, 25 (81%)
were unsheltered, sleeping on the street or in tents, whereas 4
(13%) reported staying in a shelter, 1 (3%) had just been
released from jail, and 1 (3%) reported staying with a friend.
Participants reported a substantial burden of chronic illness as
77% (24/31) experienced multiple chronic conditions (≥2) and
55% (17/31) reported being prescribed at least four different
medications. Participant demographics and health-related
characteristics are given in Table 1.

Transferability was addressed by providing detailed descriptions
of data and context of homelessness and reporting data using
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Table 1. Participant demographics (N=31).
Demographic variable

Values

Age (years), mean (SD)

42.7 (1.73)

Length of homelessness (years), mean (SD)

8.1 (7.7)

Gender, n (%)
Male

21 (68)

Female

7 (23)

Transgender female

1 (3)

Transgender male

1 (3)

Other

1 (3)

Race and ethnicity, n (%)
White and non-Hispanic

21 (68)

Black and non-Hispanic

5 (16)

Hispanic

2 (6)

Asian

1 (3)

Other

2 (6)

Functional limitations, n (%)
0

11 (36)

1

9 (29)

2

7 (23)

3+

4 (13)

Chronic conditions, n (%)
Hypertension

20 (64)

High cholesterol

10 (32)

Asthma

9 (29)

COPDa

9 (29)

Diabetes mellitus

8 (26)

Anxiety or depression

7 (23)

Bipolar disorder

5 (16)

Seizure disorder

5 (16)

Brain injury

4 (13)

Myocardial infarction or stroke

2 (6)

Multiple chronic conditions ( 2)

24 (77)

Prescribed medications, n (%)

a

2-3

14 (45)

4-5

7 (23)

6+

10 (32)

COPD: chronic obstructive pulmonary disease.

Just over half of the participants (16/31, 52%) reported having
a personal cell phone with service upon enrollment in the study.
Of those with phones at baseline, the majority (14/16, 87%)
reported that their phones were capable of text messaging,
picture messaging, and mobile apps use. Of the 48% (15/31) of
the participants who did not have a personal cell phone at
baseline, 93% (14/15) reported that they did not have a cell
https://www.jmir.org/2021/9/e27787
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phone because it was expensive, 13% (2/15) reported having
no use of a phone, 7% (1/15) reported not knowing how to use
a phone, and 27% (4/15) reported concerns about privacy.
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Results
Overview
The qualitative analysis identified two major themes and eight
subthemes that captured the ways in which smartphone
technology facilitated self-management within the social context
of homelessness. Collectively, participants revealed not only
how the context of homelessness constrained their ability to
engage in activities necessary to self-manage health and meet
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social needs but also how consistent and predictable access to
the tools available through the smartphone changed their
behaviors, thoughts, and outlook toward daily life. Thus, the
global theme of empowered by technology was identified and
defined as how having the smartphone activated with a plan for
unlimited text, calling, data, and public transportation allowed
participants to navigate the context of homelessness and
facilitated self-management. Textbox 2 includes representative
quotes from each of the themes and subthemes.

Textbox 2. Themes and representative quotes.
Context of homelessness
•

•

•

•

•

Being stigmatized
•

“The first time I had a stroke, it wasn’t diagnosed. I was put in a cab and sent to my room.”

•

“...a lot of businesses don’t allow people—homeless people—to come in and charge their phones. They cut the outlets off.”

Encountering barriers
•

“I mean it’s hard to try and get bus passes, when-especially when you’re broke. I mean, you either have to make deals with people who
trade them for cigarettes or dollar here, dollar there. Or you got to get up and go to churches like super early in the morning where they hand
them out.”

•

“I been sitting three weeks for this guy just to bring me two letters. Two letters so I could return it to the people from [apartment complex]
trying to get me an apartment. I am still sitting there, so I guess I get up early tomorrow and go knock on his office door.”

Precarious environments
•

“Why would I want someone to find me? Well, anything could happen. Get sick. I could get you know beat up, passed out somewhere. No
one knows where I am, then the phone helps find me.”

•

“Cause being on the streets and homeless, you know, every day is a matter of survival.”

Symptom experience
•

“Like over the last two days, my breathing has been so bad I’ve nearly gone to the emergency room. Over the last 3 days actually. Every
day I’d be thinking about it. I need to go, I need to go. My breathing’s really bad. I didn’t, but it’s just hit or miss for me whether I do or
not.”

•

“I was hit by a van and run over. I already had a hernia pretty bad...and when I got hit by the van, it tore the skin open and parts of my small
intestines was coming out. I ignored it for about two months and the infection got so bad, the pain was so intense that I was blacking out in
pain so I had to head to the ER.”

Resilience
•

“...no we’re not that dumb...we’re really smart because we have to go through all this stuff to still be living.”

Empowered by technology
•

•

•

Connecting with others
•

“I had a phone number people could reach me at, so that was definitely a good, good thing.”

•

“the new phone is so amazing. It will take you around the world.”

Regaining control
•

“It’s like a life assistant.”

•

“This phone actually helps me out though cause I can contact people that I need to talk to on a daily basis and get the information done and
get situations taken care of.”

Getting things done
•

“phones are so important to have nowadays. You really have to have one to be able to keep track of everything.”
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Context of Homelessness
Overview
The majority of participants had multiple morbidities and were
actively seeking to manage their health. However, the context
of homelessness often precluded participants from successfully
doing so. Participants described factors directly related to lack
of housing and safe shelter that included being stigmatized,
encountering barriers such as antiloitering policies and complex
bureaucracies to access health care and social services, living
in precarious environments, and experiencing symptoms such
as disabling pain that contributed to their inability to successfully
manage their health. Participants also revealed resilience that
allowed them to reconcile their current circumstances with hope
for a better future.

Being Stigmatized
Participants
uniformly
reported
being
treated
differently—usually poorly—by members of the community
during daily interactions and by health care professionals during
clinical encounters. One participant described an ongoing battle
with a gastric ulcer stemming from his physician refusing to
prescribe antibiotics out of the fear that the participant’s
homelessness would prevent him from finishing the entire
regimen. Another participant shared his experience of asking a
front desk clerk at a downtown hotel to call an ambulance for
him during an emergency health situation:
They wouldn’t call 911. They would not call me an
ambulance...instead, they called security on me
because I was homeless.

Encountering Barriers
In addition to the differential treatment they received, the stigma
experienced by participants also created barriers that prevented
them from accessing needed goods and services and forced their
attention away from higher-order tasks needed for
self-management. For example, participants had to carefully
plan their days to complete relatively mundane tasks such as
charging their cellphones. Participants described difficulty in
keeping their phones charged because of many businesses
instituting antiloitering policies that require individuals to
purchase a product to use electrical outlets. Thus, participants
learned which businesses would allow them to access electrical
outlets and strategized to ensure that they could safely spend
time, often spending hours, each day doing so.
Another frequently encountered barrier was the inability to
maintain contact with important others, including family,
friends, and service providers. Participants shared how the lack
of a mailing address created barriers to, for example, receiving
important communications regarding disability benefits or
receiving a government-issued cell phone. They also cited the
lack of a phone number where they could be reached as a
substantial impediment to obtaining employment and housing.
One participant succinctly stated this barrier when he said as
follows:
You know, my only other option would have been to
give them the phone number for the [shelter], which
is a message phone to a homeless shelter, you know.
https://www.jmir.org/2021/9/e27787
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Not fun convincing an employer to hire a homeless
guy.

Precarious Environments
Instability is a hallmark characteristic of homelessness, and
participants clearly articulated the precarious environments in
which they found themselves. Participants lived in a state of
constant worry about their personal safety and the safety of their
possessions. One participant said:
people that may be so desperate to make a few bucks
off of something they see that phone and they maybe
follow you or do things to try obtain that phone
including, but not limited to-to you know threatening
your own health.
Given the precarity of their situations, participants struggled to
assert or maintain control of their daily lives, possessions, and
health. Participants often had to rely on others to meet their
needs and described the goodwill of bus drivers who sometimes
let them ride for free and the willingness of some service
providers to bend rules on their behalf. Participants also
described being taken advantage of, especially because they
lacked options.

Symptom Experience
The context of homelessness also defined participants’ symptom
experience, influencing not only the perception and evaluation
of symptoms but also the management of such experiences.
Participants often attributed their current homelessness to
symptoms stemming from their chronic health conditions. One
participant clearly explained this as follows:
I am homeless because I had...four brain surgeries.
I mean, I was fine. I had a home and everything...Now
I lost everything.
Another participant described his reliance on medication after
experiencing a brain injury when he was younger:
how important it is for me...to be on medicine that
allows me to function or do stuff cause otherwise I
can’t keep a job, I can’t keep a house, I can’t you
know.
Pain was a nearly universal symptom. One participant described
how he had experienced so much pain for so long that he
considered his pain to be a part of him. Participants also
described the creative ways in which they managed their
symptoms while experiencing homelessness. One participant
who suffered from chronic pain stemming from injuries incurred
during his time spent fighting in Afghanistan described how
carrying a large backpack full of his personal belongings
doubled as therapeutic as it helped to compress his back and
alleviate some of his lower back pain.
Anxiety and depression were also widespread, and participants
described various ways in which they managed their symptoms.
When asked how she prevented herself from succumbing to
misery, one participant simply said drugs. She went on to
recount how she would prefer a prescription medication that
allows her to function, but in lieu of that, she uses small amounts
of illicit substances to help her overcome her anxiety, focus on
tasks she needs to do, and engage with other people. Importantly,
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participants recognized that prescribed medications can interact
with alcohol and other substances and took steps to manage
potential adverse outcomes.

Resilience
Participants also revealed a certain resilience that allowed them
to persevere despite the stigmatizing attitudes, barriers,
precarious environments, and unrelenting symptoms of chronic
illness and homelessness. This means participants were able to
cope with the context of homelessness by relying on their
personal ingenuity and determination and on their social
connections, however fragile they may have been. One
participant described installing solar panels at his camp,
providing him with electricity and the benefits associated with
it.
Although other participants had more straightforward strategies
for navigating their circumstances, participants’ collective
fortitude was revealed succinctly by one participant who had
moved into housing during the study time frame when she said,
“when I was living on the streets, I always found a way.”

Empowered by Technology
Overview
Despite the circumstances of homelessness, participants
persevered in efforts to meet their health and social needs and
experienced varying degrees of success. However, when
provided with a smartphone activated with a plan for unlimited
text, calling, and data as well as access to public transportation,
participants demonstrated how these basic tools equipped them
to more easily navigate the context of homelessness. During
exit interviews, participants revealed how they went above and
beyond the expectations of the research studies and incorporated
the technology into their daily lives. This consistent access to
the tools provided by the phone as well as the information and
resources available through the internet caused a shift in
participants’ behaviors, thoughts, and perceptions, resulting in
participants being empowered by the technology and,
subsequently, better able to engage in self-management
activities. Specifically, the subthemes that support this global
theme are connecting with others, getting things done, and
regaining control.
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acquaintances that they had not seen or communicated with in
a while. Conversely, some participants availed themselves of
their transportation options to leave social situations that they
judged to be unsafe or unhealthy. The phone and access to
transportation also facilitated participants’ ability to reciprocate
social support. For example, one participant took the opportunity
to teach his peers who were also participants how to navigate
the bus system and locate various food pantries in town.
Importantly, the tools available via smartphones also allowed
participants to maintain connections with service providers,
including case managers, physicians, and others involved in
helping them navigate the complex world of homeless services.
One participant who moved into housing during the course of
the study counted 4 case managers with whom he worked. He
said as follows:
I had so many appointments and doctor visits and
this and that and the other. So the phone was integral.
I would not be in that place [housing] I can guarantee
right now if I did not have that phone.
Transportation access also allowed participants to more easily
travel to appointments, facilitating both their ability to adhere
to health advice and some relief to their health symptoms.
Indeed, being able to navigate the urban landscape via bus
instead of foot resulted in less pain and easier breathing for
many participants who struggled to manage chronic respiratory
conditions.

Getting Things Done
Getting things done was defined as using the phone for tasks
or activities that went above and beyond the requirements or
expectations of the research studies. Given access to the tools
available through smartphones, participants were able to
accomplish relatively mundane tasks that were nearly impossible
to do without these tools. For example, participants described
being able to call providers and schedule appointments. One
participant succinctly stated:

A dedicated phone number and consistent phone service
facilitated participants’ ability to stay connected with family
and friends and, in some instances, served as a catalyst for
reconnection after long periods of no contact. One participant
shared how he was able to talk with his daughter and hear the
cry of his first grandchild over the phone. A different participant
tearfully recounted saying goodbye to his mother who fell ill
and died suddenly during the course of the research study. He
said:

I am able to talk to people that I need to talk to like
social security, the food stamp place, and I can get
doctors’appointments squared away with it and when
I wasn’t doing that before...it helps me to be more
alert and it helps me to take care of my
business...when I need to because everything is on
the phone.
Having a phone meant that not only did they have access to
information and to others, but they also always knew what time
it was, which allowed them to establish routines that facilitated
self-management. Participants described using prompts and
time schedules to get "day-to-day stuff done" and how "a bus
pass ready to go...any type of information that is needed on the
information highway...[and] entertainment" available at their
fingertips kept them moving toward their goals.

I would have never gotten to say goodbye to my mom
if I didn’t have that phone.
For some participants, the mobile bus pass and resultant access
to transportation was as important for connecting with others
as was the ability to make phone calls. Participants described
traveling to other parts of the city to talk with friends and

This ability to get things done by using the tools available on
the smartphone facilitated the attainment of several social needs
among participants enrolled in the 4-month study. Specifically,
6 participants moved into housing, 5 gained employment, and
1 obtained disability benefits during their time in the study, and
participants credited their access to both the study phone and

Connecting With Others
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reliable transportation with their ability to maintain contact and
attend appointments that were required to attain these social
needs.

Regaining Control
Ultimately, access to the tools available on the smartphone,
including transportation and internet access, allowed participants
to regain control over aspects of their environments and their
everyday lives. For example, one participant said as follows:
It’s too hot so I stayed on. I mean, I just always had
a place to go with that bus pass. I didn’t have to beg
the bus driver to let me on.
Another participant described the phone thusly, “...it gave me
a little bit more extra freedom and kept me reminded of things
I needed to do and stuff and things I wanted to do.”
Others described shifting perceptions of themselves and their
circumstances that empowered them to reassert control. One
participant described how, by virtue of the smartphone and
consistent access to transportation, he was able to think beyond
his own survival needs and how this shifted his perceptions of
his circumstances. He described the experience of having a
smartphone and participating in the research study as helping
him get back on track and said:
makes you feel a little bit more important, like I mean
especially out on the street it makes you feel like
you’re doing something. Makes you feel a little bit
better than what you are out here.
He credited his decision to re-establish a connection with his
case manager and enroll in a temporary housing program to this
shift in his self-perception.
Participants also attributed the tools made available via the
smartphone with decreasing their worry and improving their
general sense of well-being:
It was a godsend. It really was. I mean because I
didn’t have to worry about a lot of things. I could
make phone calls when I needed to...It just took a lot
of burden off me knowing that I had a bus pass. I had
a phone I could use, you know, if I got in trouble or
something or was in a bad situation and so it was
very helpful for that.

Discussion
Principal Findings
Findings from this study extend our understanding of how
mobile technology—specifically, the predictable and consistent
access to the tools available on a smartphone—can facilitate
self-management, including attainment of social needs within
homeless populations. Smartphones allowed participants to
have multiple resources, including internet access, mobile apps,
email, maps, and entertainment, on one device that overcomes
barriers to storing and keeping track of multiple items. This
robust functionality, as compared with older phones without
these features, is important to facilitate the connection between
people experiencing homelessness and their communities.
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Effective self-management requires individuals to manage the
symptoms and consequences of chronic illness by regular
monitoring and management of physical, cognitive, behavioral,
and emotional changes [19]. Lorig and Holman [34] suggested
that these activities can be classified as medical, emotional, and
role management tasks, and our findings indicate that access to
unlimited data, text, calling, and transportation can support
people experiencing homelessness to successfully engage in
these activities. This means that participants revealed how they
were able to use the tools on the smartphone to make decisions,
take action, solve problems, and use resources—skills necessary
for fulfilling the tasks required for self-management and meeting
social needs [34].
A hallmark characteristic of self-management is a collaborative
approach in which patients partner with professionals to devise
strategies related to the ongoing management of symptoms and
illness [35] This type of patient-provider partnership enables
decision-making and problem solving, but these activities are
predicated on having access to appropriate information. Thus,
without consistent and reliable access to communication
technologies, it is nearly impossible for people experiencing
homelessness to engage in this collaborative approach because
of an inability to maintain contact with providers or access the
required information and resources. However, our findings
support earlier evidence suggesting that people experiencing
homelessness perceive self-management as important as
participants in this study sought to be active participants in their
health care and proactively sought information about their health
conditions and engaged with providers when possible [21].
Thus, when equipped with smartphone technology, participants
were empowered to actively engage in self-management tasks
and activities.
Unfortunately, without a phone, many people experiencing
homelessness simply miss opportunities for housing and
employment because they cannot be located in a timely manner
and do not have reliable contact information for an employer.
At least six participants stayed engaged with case managers via
the smartphone to complete the requirements to get into housing
during the course of the study, and five participants reported
gaining employment. This indicates that a smartphone is a
powerful and necessary tool for people experiencing
homelessness to meet social needs.
It should be noted that the context of homelessness presents
challenges for everyday use of technology. Similar to prior
research, participants in this study indicated that maintaining
charged devices and keeping devices protected from the
elements and safe from others require ongoing efforts [36].
Participants described several methods used to navigate these
circumstances to charge their phones and access the tools
available to them. However, developing and implementing those
strategies was time-consuming and inefficient. Furthermore, in
this study, some participants mentioned that being responsible
for the study-assigned smartphone caused added worries in their
daily lives. These barriers suggest that community partners and
social service providers should consider allowing people
experiencing homelessness to spend time in their facilities safely
charging their devices.
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In addition to connecting them with professionals, access to the
tools on the smartphone also facilitated connections to friends
and family. Emotional management is an essential component
of self-management [34], and this connection to others enables
social support and reciprocal relationships that not only support
self-management but also enhance resilience [37]. Earlier
evidence has identified the mental strength that people
experiencing homelessness with chronic illness need to survive
while living on the street [38], and our findings indicate that
connection to others can enhance resilience and mental strength
in this population. Specifically, findings from this study extend
our understanding of resilience in the presence of adversity and
how equipping people with proper tools can return a sense of
agency and autonomy—both of which are needed for successful
self-management. Indeed, the accomplishment of the daily tasks
described in this study transcended the study expectations,
indicating that people experiencing homelessness are motivated
and ready to do what needs to be done to self-manage their lives.
Thus, an important implication of the current work is the need
to use asset-based approaches when working with homeless
populations. Evidence reveals that people experiencing
homelessness value health and understand the importance of
self-management [21,22], and the resilience of people
experiencing homelessness has been acknowledged by prior
authors [39,40]. Capitalizing on these assets by equipping
homeless populations with consistent and reliable tools for
communication, access to information, and transportation could
yield important benefits, including a sense of security and
autonomy that can empower people experiencing homelessness
to navigate the context of homelessness and reassert control
over their health and lives.
Findings from this study also suggest that access to the tools
and information available via smartphones serve more practical
purposes as well. Participants were more easily able to access
food and other humanitarian aid satisfying daily subsistence
needs and, subsequently, increasing their capacity to pursue
higher-order tasks, including scheduling and attending
appointments with health and social services providers.
Gobeil-Lavoie et al [41] identified that one of the main
challenges to self-management is the prioritization of self-care
and that patients with multiple conditions must choose which
care activities to prioritize. They also found that most individuals
with multiple chronic conditions identify a single disorder on
which to focus their efforts and that social and economic
conditions will influence how patients prioritize self-care [41].
Our participants were no different and reported multiple
competing demands on their time. Similarly, prior research has
identified a prevailing present time orientation among people
experiencing homelessness, the unpredictability of time while
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experiencing homelessness, and a sense of not having enough
time [42], precluding the ability of many individuals in this
population to meet the expectations of our health and social
services systems as they are currently structured. Indeed, most
participants described how consistently knowing the time of
day helped them create routines in a way that was not possible
without the phone. Many also used the tools on smartphones
such as alarms for reminders to take medications and manage
appointments.

Limitations
There are limitations to this study that should be considered.
First, participants in both of these studies were recruited from
church-based locations. It is possible that people experiencing
homelessness who access services from community-based
locations such as churches may have different needs or different
abilities than individuals who access services from more
traditional locations such as clinics or shelters. In addition, the
relative success that the participants had with managing their
smartphones, including keeping them safe, keeping them
charged, and using them to manage everyday tasks, may indicate
that this sample is more cognitively intact than many people
experiencing homelessness. Thus, the findings of this study
should be interpreted with caution.

Conclusions
Homelessness is a complex problem that presents barriers to
the provision of appropriate health and social services, and
people experiencing homelessness must navigate complex
bureaucratic systems while also managing complex
comorbidities without much, if any support to do so. Resolving
homelessness and providing appropriate services will require
multifaceted systems approaches achieved, largely, through
policy change. However, findings from this analysis reveal that
individual-level interventions also play an important role in
building capacity among people experiencing homelessness.
Indeed, our findings indicate that equipped with the basic tools
of smartphone technology and reliable access to transportation,
people experiencing homelessness can and do engage in
activities needed to self-manage their health and meet social
needs. As communities across the United States and globally
define and incorporate system-wide strategies to prevent and
end homelessness, the relatively straightforward and
comparatively inexpensive tools of smartphone technology and
public transportation are smart investments to help individuals
navigate homelessness and self-manage their own health and
social needs. Our findings indicate that access to
communication, information via the internet, and transportation
facilitates the use of these higher-order skills to self-manage
their health and attain social needs.
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Abstract
Background: Social communication via instant messaging (IM) and social networking (SN) apps makes up a large part of the
time that smartphone users spend on their devices. Previous research has indicated that the excessive use of these apps is positively
associated with problematic smartphone use behaviors. In particular, image-based SN apps, such as Instagram (Facebook Inc)
and Snapchat (Snap Inc), have been shown to exert stronger detrimental effects than those exerted by traditional apps, such as
Facebook (Facebook Inc) and Twitter (Twitter Inc).
Objective: In this study, we investigated the correlation between individuals’ tendencies toward smartphone use disorder
(SmUD) and objective measures of the frequency of smartphone usage. Additionally, we put to test the hypothesis that the pathway
linking the frequency of actual smartphone usage to self-reported tendencies toward SmUD was mediated by the increased
frequency of IM and SN app usage.
Methods: We recruited a sample of 124 adult smartphone users (females: 78/124, 62.9%; age: mean 23.84 years, SD 8.29 years)
and collected objective information about the frequency of smartphone and SN app usage over 1 week. Participants also filled
in a self-report measure for assessing the multiple components of tendencies toward SmUD. Bivariate associations were investigated
by using Spearman correlation analyses. A parallel mediation analysis was conducted via multiple regression analysis.
Results: The frequency of smartphone usage, as well as the use of IM apps (Messenger, Telegram, and WhatsApp [Facebook
Inc]), Facebook, and image-based apps (Instagram and Snapchat), had significant positive associations with at least 1 component
of SmUD, and the cyberspace-oriented relationships factor exhibited the strongest associations overall. We found support for an
indirect effect that linked actual smartphone usage to SmUD tendencies via the frequency of the use of image-based SN apps.
Conclusions: Our novel results shed light on the factors that promote SmUD tendencies and essentially indicate that image-based
SN apps seem to be more strongly associated with problematic smartphone behaviors compared to IM apps and traditional SN
apps, such as Facebook.
(J Med Internet Res 2021;23(9):e27093) doi:10.2196/27093
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Introduction
Web-based social communication via instant messaging (IM)
and social networking (SN) apps makes up a large part of the
time that smartphone users spend on their devices, and this time
exceeds the time that smartphone users spend on other activities,
including being productive and gaming [1]. Among the most
popular IM apps are WhatsApp (Facebook Inc), Facebook
Messenger (Facebook Inc), WeChat (Tencent Holdings
Limited), Telegram, and Signal (Signal Messenger LLC), with
WhatsApp being the most popular IM app worldwide [2]. IM
apps allow for the one-to-one and group-based transmission of
messages and vary considerably in terms of their specific
characteristics and affordances (eg, file sharing and voice
calling). Popular SN apps include Facebook (Facebook Inc),
Instagram (Facebook Inc), Twitter (Twitter Inc), Snapchat (Snap
Inc), and TikTok, with Facebook being the most popular SN
app [3]. SN apps feature microblogging capabilities that allow
smartphone users to broadcast messages, pictures, or videos to
an extensive network of smartphone users and receive feedback
(ie, comments and likes) on the shared content—a feature that
is distinctive from those offered by IM apps and may play a
crucial role in triggering problematic behaviors [4,5]. Currently,
SN apps are shifting toward image-based ephemeral media
sharing (ie, media that are available for a limited time)—a
feature that was introduced by image-based apps such as
Snapchat and Instagram but has also been implemented on more
traditional platforms (eg, the recent introduction of Facebook’s
time-limited stories feature). Notably, such a time restriction
on content availability might pressure smartphone users to watch
or read a story instantly. Otherwise, one might miss crucial
information in one’s social network.
Previous findings have indicated that the excessive use of SN
apps on smartphones is positively associated with problematic
behaviors related to the use of devices in general [6-8]. These
findings suggest that the link between problematic smartphone
use and smartphone use disorder (SmUD; a discussion of
terminology was conducted by Montag and colleagues [9] in
2021) can, in part, be explained by the use and overuse of SN
apps on smartphones. It is worthy to note that many of the
available inventories that assess problematic behaviors in this
area of research use an addiction framework. However, the
question regarding the actual nature of problematic smartphone
and SN use has not been ultimately settled until now. In line
with the term disorder, which is used to describe behavioral
addictions in the International Classification of Diseases, 11th
edition (eg, gaming disorder) as well as those in previous
literature related to this area of research [7,10], we chose to use
the term SmUD in this paper. Still, we explicitly stress the
importance of refraining from pathologizing everyday life
behaviors [11]. Moreover, we explicitly mention that so far,
SmUD does not represent an official diagnosis, and in this paper,
we aimed to unify the terminology used in related literature
without judging on the nature of the construct underlying the
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term itself. It must also be mentioned that the concept of SmUD
is being fiercely discussed by researchers, as smartphones are
only vehicles for accessing various apps, which in turn may
trigger the addiction to the device itself [12], similar to how
someone diagnosed with an alcohol use disorder is not
dependent on the bottle but on the beverage. Beyond this, it is
very likely that for many smartphone users, SmUD might
resemble social networks use disorder to a high degree due to
the substantial overlap of concepts [7,13]. Further, we also want
to hint at recent works that discuss what prerequisites need to
be met to speak of a disorder that results from problematic
behaviors and might be classified within the residual category
of “other specified disorders due to addictive behaviors” in the
International Classification of Diseases, 11th edition. The
criteria suggested are (1) scientific relevance for clinical
relevance, (2) theoretical embedding within addiction
frameworks, and (3) empirical evidence for the validity of
mechanisms that underlie addictive behaviors. In terms of a
potential social networks use disorder, these criteria are widely
met, although the scientific evidence for clinical relevance and
functional impairment are still less convincing compared to the
evidence for other disorders resulting from addictive behaviors,
such as gaming disorder [14].
It is noteworthy that although we distinguish between messaging
and SN apps in this paper, SN can be seen as an umbrella term
that also includes messenger apps [15]. For our research, it is
of interest that increasing amounts of evidence indicate that
image-based apps such as Instagram and Snapchat may exert
stronger detrimental effects on adverse health-related outcomes,
including sleep problems, psychological distress, and
problematic behaviors, compared to those exerted by more
traditional SN platforms such as Facebook and Twitter [16-18].
Interestingly, a new study by Rozgonjuk et al [19] reported that
the problematic use of WhatsApp and Instagram was the factor
that was the most strongly linked to productivity loss in
everyday life (ie, compared to Facebook and Snapchat use).
Another work has also shown that these two platforms might
be associated with the most problematic consequences for
smartphone users [20]. These studies are based on self-report
data; however, recent literature has explored the associations
between smartphone and IM and SN app usage and SmUD
based on objective measures [17,21,22] (a related review was
conducted by Ryding and Kuss [23]). Some of the studies in
this area of research focus on overall measures of smartphone
usage, such as screen time and screen unlock events, but do not
explore app usage measures [24,25]. Additionally, other studies
have provided evidence of the links between SmUD variables
and broad app usage categories (eg, chatting [26] and SN use
[21,22]). We could only find 1 study [17] that distinguished
between traditional and image-based SN platforms when
examining the link between app usage and SmUD. The results
provided by Noë and colleagues [17] showed that Snapchat use
was more strongly related to self-reported tendencies toward
SmUD than the use of other IM and SN apps (eg, WhatsApp
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and Facebook)—a finding that the authors interpreted as the
result of the in-built design features in Snapchat that promote
high-frequency usage. The findings of Rozgonjuk et al [20]
differ from those of Noë et al [17]; by using self-report data,
Rozgonjuk et al [20] reported that the lowest magnitude of
correlations was found between Snapchat use and SmUD
incidence and that the highest correlations were found between
SmUD and problematic WhatsApp and Instagram use.
Nevertheless, both of these findings point toward the need to
distinguish between IM, traditional, and image-based SN apps
when examining their associations with SmUD.
To build on these findings, in this study, we aimed to examine
the existing associations between objective records of
smartphone, IM platform, and SN platform activity and
individual differences in self-reported SmUD. More specifically,
we tested the following hypotheses:
•

•

Hypothesis 1: Significant associations exist between
self-reported tendencies toward SmUD and objective
measures of the usage of the smartphone and IM and SN
platforms.
Hypothesis 2: The association between self-reported
tendencies toward SmUD and overall smartphone usage is
mediated by the frequency of IM and SN app usage (both
traditional and image-based apps).

Based on the existing literature about theoretical considerations
and previous empirical findings [6-8], we expected that a
positive link would emerge between actual smartphone usage
and users’ perceptions of being at risk for SmUD. We also
expected that this link might, in part, be mediated by the usage
of both IM and SN apps and that image-based SN apps would
have a stronger mediation effect [17].

Methods
Sample
Our sample consisted of individuals who were recruited among
students at a German university campus by using a convenience
sampling strategy. The inclusion criteria for this study were
legal age (18 years and over) and current ownership of a
smartphone. Participants were recruited between March 2017
and August 2018 and consisted of 124 individuals with a mean
age of 23.84 years (SD 8.29 years; range 18-63 years) and a
majority of female individuals (78/124, 62.9%). Participants
gained university credits or monetary compensation for their
participation. With regard to education level, of the 124
participants, 2 (1.6%) reported having finished secondary school,
10 (8.1%) reported holding a vocational baccalaureate diploma,
92 (74.2%) reported holding an A-level diploma, 3 (2.4%)
reported holding a degree from a university of applied sciences,
and 17 (13.7%) reported holding a university degree. Prior to
their participation in this study, participants were provided with
detailed information on the aim of this study, all variables that
were tracked by the Insights app (see also the Objective
Smartphone Activity Data section), how data were recorded,
who was granted access to their data, and where data were saved
and analyzed. Participants were informed about their right to
request the deletion of their data at any time during this study.
https://www.jmir.org/2021/9/e27093
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All participants provided digital informed consent via the app
prior to their participation in this study. In order to facilitate the
installation process, participants were invited to the laboratory,
where scientists guided the participants through the Insights
app installation process. Therefore, no problems with the
installation process were observed. The study was approved by
the local ethics committee of Ulm University, Ulm, Germany.
It should be noted that in this study’s data set, there was an
overlap among other publications—there was 1 study that
investigated links between call variables and personality [27];
1 study that investigated the molecular genetics of social
network size [28]; and 1 study that investigated links between
smartphone variables and self-reported mood, drive, and stress
levels [29].

Objective Smartphone Activity Data
In order to collect participants’ smartphone activity data, the
Insights app [30]—an Android-based smartphone app—was
installed on participants’ phones by either the examiner or the
participants themselves. The app allowed for the recording of
different variables, such as the number of calls per day
(incoming, outgoing, and missed calls), the frequency of specific
smartphone events (eg, screen unlock and screen on events),
and data related to users’ sessions on smartphone apps. An
in-depth review of the Insights app was conducted by Montag
et al [27].
Participants varied considerably in terms of the duration of study
participation, which ranged from 1 week to 2 months (based on
recorded activity). Based on considerations about the potential
incomparability of data that are collected during different time
frames and the need to maximize our sample size for this study,
we decided to limit our analyses to smartphone data that were
collected during the first week (7 days) of smartphone data
collection. Given this time frame, we retrieved the following
information: the number of smartphone sessions that were
started by the user unlocking the smartphone screen (ie, the
number of screen unlock events) and the number of sessions on
IM apps (ie, Facebook Messenger, Telegram, and WhatsApp),
traditional SN apps (ie, Facebook and Twitter), and image-based
SN apps (ie, Instagram, Snapchat, and TikTok). Participants
were coded as having 0 sessions on the app if they either had
the app installed on their smartphones and did not use it or did
not have the app installed on their smartphones. We followed
such a strategy to conduct analyses on the complete sample and
to take into account that not each app of interest was installed
on each phone. The Insights app allowed for the tracking of
both the screen unlock events and screen on events of Android
smartphones; each event represented an indicator of users’ active
use of their smartphone. However, while both screen unlock
events and screen on events were triggered through users’
interaction with their smartphone’s hardware (ie, the screen or
buttons), screen on events could also be triggered by app
notifications (depending on the smartphone settings). Due to
this potential confounding factor, for the purpose of this paper,
analyses were presented by using the screen unlock event
variable. However, for full transparency, we presented and
commented on the associations between screen on and screen
unlock events and app session and SmUD variables in
Multimedia Appendix 1.
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Based on the collected data, WhatsApp was the most used app
during the investigated time frame (participants: 122/124,
98.4%), followed by Facebook (70/124, 56.5%), Messenger
(60/124, 48.8%), Instagram (56/124, 45.2%), Snapchat (41/124,
33.1%), and Telegram (13/124, 10.50%). Of the 124
participants, 123 (99.2%) used IM apps and 67 (54%) used
image-based SN apps. In turn, we found that no participants
used the TikTok app; however, it should be noted that at the
time data collection started for the present study, the TikTok
app was called “musical.ly” [31], and was later renamed TikTok
starting on November 2017. Further, only 3 participants reported
using the Twitter app. Due to the small number of users, the
TikTok and Twitter apps were not considered further in this
study.

Individual Differences in Tendencies Toward SmUD
We administered a German version of the Smartphone Addiction
Scale (SAS) [32], which consists of 33 items that are rated on
a 6-point Likert scale (1=strongly disagree; 6=strongly agree).
It is worthy to note that the SAS scale is not a diagnostic tool
for SmUD but is instead meant to provide an assessment of
users’ addictive tendencies toward using smartphones. To keep
in line with previous studies [7,10] however, in this study, the
SAS total score was treated as an indicator of a general tendency
toward SmUD. The SAS items assess 6 components of
smartphone addiction, namely daily life disturbances (eg,
“Missing
planned
works
due
to
smartphone
usage”), positive anticipation (eg, “Feeling pleasant or excited
while using a smartphone”), withdrawal (eg, “Having my
smartphone in my mind even when I’m not using it”),
cyberspace-oriented relationships (eg, “Feeling that my
smartphone buddies understand me better than my real-life
friends”), overuse (eg, “Using my smartphone longer than I had
intended”), and tolerance (eg, “The people around me tell me
that I use my smartphone too much”). The items were summed
to compute an overall indicator of the tendency toward SmUD
(SAS total score: mean 70.10, SD 22.84). For the purpose of
this study, the SAS total score had excellent reliability
(Cronbach α=.94). The reliability of the 6 components was also
adequate (daily life disturbances: α=.80; positive anticipation:
α=.80; withdrawal: α=.80; cyberspace-oriented relationships:
α=.77; overuse: α=.69; tolerance: α=.86). It should be noted
that for most of the participants (74/124, 59.7%), the SAS was
administered within 1 month of the beginning of smartphone
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data collection; the remaining participants filled in the SAS
within 6 months (14/124, 11.3%) or more than 6 months
(36/124, 29%) from the beginning of smartphone data collection.
In regression analyses, we controlled for this effect by using a
covariate that represented the time (in months) between
self-reports and smartphone data collection.

Strategy of Analysis
First, we computed descriptive statistics (the mean and SD of
the number of app and smartphone sessions). Second, we
calculated Spearman correlation values between the number of
app and smartphone sessions and age and between the number
of such sessions and indicators of tendencies toward SmUD (ie,
SAS subscales and total score). Mann-Whitney U tests were
performed to evaluate the association between gender and
smartphone and app session variables. In all inferential tests,
results were considered significant when P was <.05.
Third, we performed a mediation analysis via multiple linear
regression models for predicting the overall tendency toward
SmUD. The diagrams for the examined models are shown in
Figure 1. As a first step, we examined the total effect that
participants’ frequency of smartphone use (ie, the number of
smartphone sessions started by a screen unlock) had on
tendencies toward SmUD. In the mediation model, participants’
number of sessions on Facebook, image-based SN apps (ie,
Instagram and Snapchat), and IM apps (ie, WhatsApp, Telegram,
and Messenger) were investigated as multiple parallel mediators
of the link between the frequency of smartphone use (ie, the
number of smartphone sessions started by a screen unlock) and
tendencies toward SmUD. In all analyses, we controlled for the
effects of gender, age, and the time of the administration of the
SAS (ie, the number of months after the collection of
smartphone data). Analyses were performed by using 10,000
bootstrap samples to compute 95% CIs. Bootstrapping was used,
as it did not impose assumptions on the distribution of residuals.
Moreover, the use of bootstrapping is appropriate when
potentially dealing with nonnormally distributed variables [33].
Estimated effects were deemed significant if 95% (bootstrap)
CIs did not span 0. Finally, pairwise contrasts of indirect effects
were used to test whether differences in the size of indirect
effects were statistically significant (P<.05). Analyses were
performed with SPSS 23 (IBM Corporation) by using the
Process macro [34].
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Figure 1. Total effect (A) and mediation (B) models for smartphone use disorder. For ease of visualization, the results of covariates are not reported
in the figure. IM: instant messaging; SAS: Smartphone Addiction Scale; SN: social networking.

Results
Descriptive Statistics and Correlations
Table 1 depicts descriptive statistics for app and smartphone
session variables as well as the associations between these
variables and gender. Table 2 provides information about the

associations among app and smartphone session variables, age,
and indicators of tendencies toward SmUD (SAS subscales and
total score). Based on the number of weekly app sessions (Table
1), WhatsApp was the most frequently used app in the overall
sample, followed by Facebook, Instagram, Snapchat, Messenger,
and Telegram.

Table 1. The number of weekly sessions on apps and smartphones: descriptive statistics of the overall sample stratified by gendera.
App or device

U

P value

All participants (N=124)

Males (n=46)

Females (n=78)

Facebook

43.25 (65.78)

45.61 (79.78)

41.86 (56.45)

1843.50

.79

Image-based social networking apps

61.81 (104.96)

50.09 (126.24)

68.72 (90.31)

2098.50

.10

Snapchat

21.86 (52.03)

22.24 (60.3)

21.64 (46.91)

1841.50

.77

Instagram

39.34 (70.35)

27.85 (74.98)

47.08 (66.94)

2098.50

.06

327.31 (219.56)

336.26 (207.92)

322.03 (207.41)

1767.50

.89

Telegram

6.41 (40.10)

4.37 (13.88)

7.62 (49.52)

1773.00

.84

WhatsApp

319.10 (219.56)

332.96 (226.82)

310.92 (216.24)

1742.50

.79

Messenger

8.05 (22.57)

6.57 (15.53)

8.92 (25.9)

1976.00

.31

347.26 (199.43)

331.54 (184.20)

356.53 (208.48)

1945.00

.44

Instant messaging apps

Smartphone use
a

Number of sessions/week, mean (SD)

Gender was coded (male=0; female=1).
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Table 2. The correlations between app and smartphone usage variables and age and between usage variables and the individual differences in tendencies
toward smartphone use disorder (N=124).
App or device

Variables, Spearman ρ (P values)
Age

Facebook

−0.06 (.53) −0.01 (.96)

Image-based social −0.36
networking apps
(<.001)

CYa

Overuse

Tolerance

Total SASb
score

−0.01 (.95) 0.14 (.11)

0.15 (.10)

0.14 (.12)

0.31 (<.001)

0.07 (.48)

0.31 (<.001)

0.29 (.001)

0.27 (.003)

0.40 (<.001)

0.28 (.002) 0.35 (.001) 0.40 (<.001)

Snapchat

−0.33
(<.001)

0.23 (.009)

0.19 (.03)

0.23 (.009)

0.30 (<.001)

0.24 (.007) 0.25 (.006) 0.30 (.006)

Instagram

−0.26
(.003)

0.26 (.003)

0.25 (.006)

0.18 (.049)

0.39 (<.001)

0.22 (.01)

0.30
(<.001)

0.33 (<.001)

Instant messaging
apps

−0.26
(.004)

0.18 (.048)

0.33 (<.001)

0.24 (.007)

0.39 (<.001)

0.13 (.15)

0.20 (.03)

0.30 (<.001)

Telegram

−0.03 (.72) −0.08 (.37)

0.16 (.07)

−0.03 (.73)

0.13 (.14)

−0.01 (.95) 0.09 (.31)

0.03 (.72)

WhatsApp

−0.24
(.006)

0.15 (.10)

0.28 (.002)

0.21 (.02)

0.36 (<.001)

0.09 (.33)

0.16 (.08)

0.26 (.003)

Messenger

−0.11 (.21) 0.12 (.17)

0.23 (.009)

0.25 (.005)

0.33 (<.001)

0.21 (.02)

0.15 (.10)

0.26 (.004)

−0.30
(<.001)

0.38 (<.001)

0.30 (<.001)

0.44 (<.001)

0.20 (.03)

0.23 (.01)

0.38 (<.001)

Smartphone use

a

Life disturbances Positive anticipation Withdrawal

0.23 (.01)

CY: cyberspace-oriented relationship.

b

SAS: Smartphone Addiction Scale.

The results of Mann-Whitney U (Table 1) tests indicated that
there was no significant association between gender and
smartphone and app session variables. With regard to
correlations (Table 2), we found that all of the weekly app and
smartphone session variables, except those for Facebook
(P=.53), Messenger (P=.21), and Telegram (P=.72) sessions,
had a significant negative correlation with age. We also analyzed
correlations between the objectively recorded SN app, IM app,
and smartphone session variables and the indicators of
tendencies toward SmUD variables. The daily life disturbances
score had positive correlations with the number of Instagram
sessions, Snapchat sessions, image-based SN app sessions, IM
app sessions, and overall smartphone sessions, but not with the
number of Facebook and each specific IM app sessions. Positive
anticipation, withdrawal, and the general tendency toward
SmUD (ie, the SAS total score) had positive correlations with
all of the app and smartphone session variables except for the
number
of
Facebook
and
Telegram
sessions.
Cyberspace-oriented relationships had moderate positive
correlations with all app and smartphone session variables
except for the Telegram session variable. The overuse subscale
scores positively correlated with the number of participants’
Snapchat, Instagram, image-based SN app, and Messenger
sessions and the number of overall smartphone sessions. Finally,
tolerance positively correlated with the number of participants’
Snapchat, Instagram, image-based SN app, and IM app sessions
(tolerance did not show significant correlations with sessions
on specific IM apps) and the number of overall smartphone
sessions.

Mediation Analyses
We also examined the total effect and mediation models for
analyzing the association between the number of smartphone
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sessions and participants’ general tendency toward SmUD (ie,
the SAS total score). The results of total and direct effects are
shown in Figure 1. For ease of visualization, the results of
control variables (ie, age, gender, and the time of the
administration of the SAS) are not shown in the figure but are
only discussed in the text. In the total effect model, we found
that the number of smartphone sessions had a positive
association with participants’ tendency toward SmUD. In the
mediation model, after including Facebook, image-based SN
app, and IM app session variables in the model, the number of
smartphone sessions (ie, screen unlocks) no longer showed a
significant association with tendencies toward SmUD. In turn,
participants’ number of sessions on image-based SN apps had
a significant positive association with tendencies toward SmUD.
In contrast, the number of sessions on Facebook and IM apps
had no significant association with tendencies toward SmUD.
In all tested models, associations between control variables and
tendencies toward SmUD were nonsignificant.
The examination of indirect effects (Table 3) showed that the
association between the number of smartphone sessions and
tendencies toward SmUD was mediated by the number of
sessions spent on image-based SN apps (effect=0.010; 95% CI
0.002-0.024; standardized effect=0.090). The remaining indirect
effects were not significant. Finally, based on the
pairwise contrast of unstandardized indirect effects, there was
a significant difference between the indirect effects in the
Facebook and image-based SN app session routes
(contrast=−0.015; 95% CI −0.032 to −0.001); however, the
remaining contrasts were not significant (Facebook vs IM apps
contrast: −0.010; 95% CI −0.043 to 0.029; image-based SN vs
IM app contrast: −0.005; 95% CI −0.046 to 0.025).
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Table 3. Indirect effects linking smartphone use to tendencies toward smartphone use disorder stratified by routes of indirect effects.
Route of indirect effects

Effect (95% CI)

Standardized effect (95% CI)

Session on Facebook

−0.005 (−0.016 to 0.006)

−0.041 (−0.132 to 0.049)

Session on image-based apps

0.010 (0.002 to 0.024)

0.090 (0.015 to 0.209)

Session on instant messaging apps

0.005 (−0.029 to 0.036)

0.046 (−0.250 to 0.319)

Discussion
Principal Findings
This study investigated the associations between individual
differences in self-reported tendencies toward SmUD and a set
of objectively measured smartphone activity frequency and IM
and SN app usage indicators. First, we explored the hypothesis
that objectively measured indicators of smartphone and app
usage would have a significant association with self-reported
tendencies toward SmUD. Our data support this hypothesis.
From a purely quantitative standpoint, based on our findings,
the association between actual smartphone usage (assessed via
screen unlock events) and overall tendencies toward SmUD is
moderate (ρ=0.38) and appears to be close to the upper limit of
what has been reported in previous studies that used objective
smartphone data [24,25]. Further, our results showed that an
indicator of the usage of image-based SN apps (ie, Instagram
and Snapchat) had the strongest association with SmUD
tendencies when compared with indicators of the use of IM apps
and Facebook. It is noteworthy that among the image-based SN
apps, the use of Instagram had a relatively stronger association
with tendencies toward SmUD variables (ρ: range 0.22-0.39)
when compared with the use of Snapchat (ρ: range 0.19-0.30).
The overall use of IM apps was positively related to all of the
components of tendencies toward SmUD except for the overuse
component. In turn, Facebook use was only associated with the
cyberspace-oriented relationship component of SmUD.
Moreover, among the different components of tendencies toward
SmUD, the cyberspace-oriented relationship score had the
strongest association with the usage of both IM and SN apps as
well as overall smartphone usage. It should be noted that in our
previous work in investigating SmUD among the users of
different IM and SN platforms via self-report questionnaires,
the highest associations were observed between SmUD and
problematic Instagram and WhatsApp use, and the lowest (but
still significant) associations were observed between SmUD
and Snapchat and Facebook use [20].
We also examined our second hypothesis and tested the potential
role of the usage of IM and SN apps as a mediator of the link
between smartphone usage (ie, the frequency of screen unlocks)
and self-reported tendencies toward SmUD. We go beyond
previous studies by exploring the associations between
smartphone and app usage variables and self-reported tendencies
toward SmUD by using a parallel mediation model. Our findings
supported the hypothesis that the association between the
frequency of overall smartphone use and tendencies toward
SmUD could be mediated by the frequency of the usage of apps
that allow for web-based social communication (ie, IM and SN
apps). In particular, our analyses indicated the existence of an
indirect effect that links smartphone use and tendencies toward
https://www.jmir.org/2021/9/e27093
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SmUD via the image-based SN app session route (ie, the
frequency of the use of such apps). However, this indirect effect
does not exist in the IM app session and traditional SN app
session routes.
Overall, combined with the findings that emerged from the
correlation analysis, the results from the mediation analyses are
in line with those of previous studies that suggest the importance
of social motives for smartphone use as predictors of tendencies
toward SmUD [6,8] as well as the relative stronger association
between tendencies toward SmUD and the use of image-based
SN apps, such as Instagram and Snapchat, when compared with
the association between such tendencies and the use of other
IM and SN platforms [17]. Further, by highlighting the
importance of social motives for both increased smartphone use
and SN app use, our findings seem to be in line with a
compensation-seeking hypothesis for SN app use (ie, using SN
platforms to compensate for perceived social deficits [35]) and,
possibly, smartphone use.

Strengths and Limitations
This study has strengths. Since we used a validated instrument
for the assessment of tendencies toward SmUD and smartphone
activity data were obtained by the use of an objective assessment
procedure (ie, a specifically devised smartphone app), our results
appear to be more reliable and valid than those reported by
studies that relied solely on self-report measures of smartphone
activity. The fact that our results were, in several ways, in line
with those reported by previous studies further supports the
validity of our findings. Future studies should also use measures
for directly assessing individual differences in social networks
use disorder and contrast their findings with those that we
observed in our study (ie, in the context of tendencies toward
SmUD).
This study also has several limitations. First, analyses were
performed on a relatively small convenience sample that
consisted mostly of young adults aged equal or below 30 years
old (116/124, 93.5%). Thus, our results cannot be generalized
to the general population. The relatively small sample size may
also have had a negative impact on statistical power; based on
the posthoc computation, our sample size appears to be large
enough to detect medium to large correlations and regression
effects, but it was not large enough to detect small associations
among the examined variables in a robust way. These limitations
are common in psychological studies that are based on objective
assessments of smartphone use [23]. Still, replication studies
with larger representative samples are needed to improve the
quality and generalizability of our results.

Conclusion
This study provides novel results that shed light on the
association between individuals’ use of popular SN and IM apps
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and tendencies toward SmUD. The results from nonzero
correlations and regression analyses seem to suggest that the
features implemented in image-based SN apps could be more
strongly related to individual differences in tendencies toward
SmUD compared to those available in IM apps and traditional
SN apps, such as Facebook. Further, we also mention our
previous work [20] in using a self-report methodology to
demonstrate the robust associations between SmUD and
problematic WhatsApp use. However, this study supports the
idea that smartphones are just vehicles for accessing many

Marengo et al
different apps. Our data further indicate that reducing the
problematic use of social media and messaging apps
(particularly image-based SN app use) might help to reduce the
overall SmUD tendencies of a person. Of interest is a recent
study [36] that suggests that switching the smartphone mode
from color mode to gray mode helps to reduce the time spent
on smartphones and social media apps. Image-based SN apps
might be particularly less interesting when images are only
presented in gray mode.
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Abstract
Background: The potential mechanisms underlying the association between online social networking use intensity and depressive
symptoms are unclear and underresearched.
Objective: We aimed to investigate the potential roles of interpersonal psychosocial factors on the association between online
social networking use intensity and depressive symptoms among early adolescents.
Methods: A total of 4237 adolescents from a 9-month longitudinal study were included. Score changes (indicated as △) for
the social function use intensity (SFUI) and entertainment function use intensity (EFUI) subscales of the Online Social Networking
Activity Intensity Scale and for friendship quality, perceived family support, perceived friend support, parent–adolescent conflict,
social nonconfidence, and depressive symptoms were analyzed. The potential mediation effects of unfavorable psychosocial
factors and suppression effects of favorable psychosocial factors on the association of △SFUI with △CES-D and the association
of △EFUI with △CES-D were tested using hierarchical regression models.
Results: The association between △SFUI and △CES-D was partially mediated by △mother–adolescent conflict (mediation
effect size 5.11%, P=.02) and △social nonconfidence (mediation effect size 20.97%, P<.001) but partially suppressed by
△friendship quality, △perceived family support, and △perceived friend support, with suppression effects of –0.011 (P=.003),
–0.009 (P=.003), and –0.022 (P<.001), respectively. The association between △EFUI and △CES-D was partially mediated by
△social nonconfidence (mediation effect size 30.65%, P<.001) but partially suppressed by △perceived family support and
△perceived friend support, with suppression effects of –0.036 (P<.001) and –0.039 (P<.001), respectively.
Conclusions: The association between online social networking use intensity and depressive symptoms was partially mediated
through the indirect increase in social nonconfidence and mother–adolescent conflict; however, better perceived social support
and friendship quality would partially compensate for the harmful impact of online social networking use intensity on depressive
symptoms among early adolescents.
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Introduction

the association between online social networking use intensity
and depressive symptoms among adolescents.

Adolescent depression is a global challenge that is significantly
associated with serious physical and psychological problems
(eg, substance use, eating disorder, and suicide) [1-4]. A
meta-analysis [5] estimated a pooled prevalence of depression
of 24.3% among adolescents in mainland China (range
6.2%-64.8%); this prevalence was 24.6% at baseline and 26.6%
9 months later in our previous study [6] (which used the same
data set as this paper). Various types of problematic internet
use (eg, internet addiction and internet gaming disorders)
aggravate adolescent depression [7-10]. The intensity of online
social networking use also is positively associated with
depressive symptoms among adolescents in several
cross-sectional studies [11-13], and while it is necessary to have
an understanding of the mechanisms underlying the association
to address prevention and intervention, such an understanding
is lacking. As cross-sectional studies are unable to establish
temporal relationships, they cannot be used to investigate
potential underlying mechanisms of the relationships between
online social networking use intensity and depressive symptoms.
Longitudinal studies are therefore warranted. Given that
adolescents use online social networking mainly for social
purposes (eg, communicating, seeking social support, and
maintaining or establishing friendships) [14-16], we investigated
whether favorable (friendship quality and social support) and
unfavorable (conflict with parents and lack of social confidence)
interpersonal attributes would mediate or suppress the
association between online social networking use intensity
measures and depressive symptoms in early adolescence, by
using a prospective cohort study design [17-19].

Nevertheless, online social networking use may enhance
friendship quality among adolescents; a study [23] showed that
43% of high school students perceived that online social
networking use increased their closeness with friends; and
another study [21] reported that 49% of the college students’
closest friends whom they met offline were also their closest
friends in their online social networks. Online social networking
use facilitates individuals’ social connectedness and
self-disclosure [29,30]; it is a convenient and essential source
of social support [14]. For instance, Facebook users reported
better perceived social support than nonusers [31], and the length
of time spent on Facebook and the number of Facebook friends
were positively associated with perceived social support [32,33];
however, nonsignificant associations have also been reported
[34,35]. The frequency of online social networking use has also
been associated with higher perceived social support and
enhanced friendship quality [31,36]. As friendship quality
[37,38] and perceived social support [39,40] are protective
against depressive symptoms, we contended that these 2
favorable interpersonal relationship factors would potentially
suppress the positive association between online social
networking use intensity and depressive symptoms among
adolescents.

Online social networking use can potentially lead to unfavorable
and stressful interpersonal relationships. According to the
displacement theory, internet use reduces adolescents’
communication with family members and social involvement,
which then increases psychiatric symptoms [20]. Consistently,
heavy online social networking use has been shown to reduce
adolescents’ intimacy and time spent with their parents and
families and to increase conflicts with parents [20,21]. For
instance, college students who used online social networking
to communicate with their parents reported higher levels of
conflicts with their parents [22]. Parental control over
adolescents’ online social networking use may also cause
conflicts with adolescents [23]. Furthermore, heavy online social
networking use was associated with fewer face-to-face
interactions and social confidence among adolescents [24],
possibly due to habitual deprivation of nonverbal cues (ie, voice
tone, eye contact) and reduction in social presence, which may
reduce self-efficacy in handling social interactions (social
nonconfidence) [25]. As parent–adolescent conflict [26,27] and
social nonconfidence [28] have also been positively associated
with depressive symptoms, we contended that these 2
unfavorable interpersonal relationship factors would mediate
https://www.jmir.org/2021/9/e21316
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It has been reported that the patterns of social relationships and
depressive symptoms are likely to differ between the younger
and older adolescents [41]. As a key stage of early adolescence,
the rapid physical (eg, early puberty), psychological (eg,
concrete thinking but early moral concepts) and social (eg,
emotional separation from parents, start of strong peer
identification; early exploratory behaviors) developmental
changes produce specific disease patterns, unusual presentations
of symptoms, unique communication and management
challenges, and they gradually establish identity and autonomy
in the context of the social cultural environment [42,43].
Moreover, it has been observed that the risk of depression is
low in childhood but increasing substantially with adolescence
[44] and that meaningful risk begins in the early teens [45].
Therefore, from the perspective of early prevention, we chose
young adolescents as the target population.
In this 9-month prospective cohort study, we aimed to test the
significance of 3 potential mediators (ie, father–adolescent
conflict, mother–adolescent conflict, and social nonconfidence)
and 3 potential suppressors (ie, friendship quality, perceived
family support, and perceived friend support) for the association
between online social networking use intensity measures and
depressive symptoms in early adolescence. Specifically, it was
hypothesized that the associations between changes in 2 online
social networking use intensity measures—social function use
intensity (SFUI) and entertainment function use intensity (EFUI)
and depressive symptoms would be partially mediated or
suppressed by the aforementioned unfavorable or favorable
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interpersonal psychosocial factors. To the best of our knowledge,
no studies have tested such mediation and suppression effects.

Methods
Participants and Procedures
This 9-month prospective cohort study was conducted in
Guangzhou, South China. The methods have previously been
described [6]. Briefly, 9 public secondary schools, 3 from each
of the city’s 3 regions (ie, core, suburb, and outer suburb
regions), were selected by convenience sampling, and all
students of the seventh and eighth grade (ie, 7 and 8 years of
formal education) were invited to participate in the study. Grade
9 students were not included into the study given that they were
too busy preparing for the public examination for entrance to
senior high schools and would leave their schools before the
end of the 9-month follow-up period; it would thus be practically
difficult to follow up such students. The anonymous structured
questionnaire was self-administered in classroom settings
without the presence of teachers. We announced that the return
of the completed questionnaire implied consent to participate
in the study; this information was also printed on the cover page
of questionnaire. No incentive was given to the participants.
Permission to conduct the survey was granted by the school
principals. The Survey and Behavioral Research Ethics
Committee of the Chinese University of Hong Kong approved
the study.
A total of 5365 students (response rate 98.0%) completed the
baseline questionnaire. The baseline and follow-up
questionnaires completed by each student were matched based
on the last 4 digits of the student’s home telephone number, the
last 4 digits of the parents’ mobile phone number, the last 4
digits of the student’s identity card number, the student’s
birthday, and the last letter of the student’s and parents’ name.
A total of 4871 (follow-up rate 90.8%) of the 5365 students
provided matched completed questionnaires at the follow-up
survey. Students who were lost to follow-up were more likely
to be females, be in their junior year of school, to not live with
both parents, to have a perceived poor/very poor family financial
situation, and to have lower self-reported academic performance
(Multimedia Appendix 1). Students who did not use online
social networking (n=643) were excluded from the data analysis.
The effective sample size was 4237 in this study.
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representing almost/all of the time (5-7 days), during the past
week, with higher total scores (range 0 to 60) representing more
depressive symptoms. Psychometric properties of the Chinese
version of the CES-D have been demonstrated among Chinese
adolescents [46]. The CES-D is commonly used in mental health
studies [47], and depression defined by such scale is strongly
associated with clinical diagnosis of depression [48]. In this
study, the Cronbach α was 0.86 at baseline and 0.87 at
follow-up, indicating good internal reliability in this study.

Online Social Networking Use Intensity
The intensity of online social networking use was measured
using the Online Social Networking Activity Intensity Scale on
a 5-point response scale ranging from 0 (never) to 4 (always).
The scale was developed and validated among Chinese
adolescents [49]. It measures SFUI (10 items; range: 0-40) and
EFUI (4 items; range: 0-16). A higher score indicates a higher
intensity of online social networking use. In this study, the
Cronbach α for SFUI and EFUI were 0.88 and 0.60 at baseline
and 0.89 and 0.62 at follow-up, which showed good internal
reliability.

Friendship Quality
Friendship quality was measured using the 6-item
peer-relationship subscale of the Children and Adolescent
Quality of Life Scale, which has been widely used among
Chinese adolescents [50,51]. Each item has 4 responses, and a
higher score (range 6 to 24) indicates better friendship quality.
In this study, the Cronbach α was 0.82 at baseline and 0.83 at
follow-up, indicating good internal reliability.

Perceived Social Support
Perceived social support was measured using the Chinese
version of the 12-item Multidimensional Scale of Perceived
Social Support [52], including the dimensions of perceived
family support (4 items) and perceived friends support (8 items).
Items were rated on a 7-point Likert scale, from 1 (very strongly
disagree) to 7 (very strongly agree). Higher scores indicated
better perceived social support. In this study, Cronbach α values
for both subscales were >.90 at both baseline and follow-up,
indicating good internal reliability.

Parent–Adolescent Conflicts

Participant sociodemographic information (ie, gender, grade,
parental education levels, perceived family financial situation,
and living arrangement with parents) and information about
self-reported academic performance and perceived academic
pressure were collected in the baseline survey.

The Chinese parent–adolescent conflict questionnaire includes
7 dimensions (ie, study, chores, expenses, living arrangement,
appearance, relationship with other family members, and
privacy) [53,54]. Frequency of conflict, from 1 (never) to 5
(almost every day), in the previous month, with the father and
mother were rated separately. Higher scores (range 7-35)
indicated more conflict with parents. In this study, Cronbach α
values were 0.84 for father–adolescent conflict and 0.85 for
mother–adolescent conflict at baseline and 0.86 and 0.87 at
follow-up, indicating good internal reliability.

Depression

Social Nonconfidence

Depressive symptoms were assessed using the Chinese version
of the 20-item Center for Epidemiological Studies–Depression
Scale (CES-D), which is an epidemiological screening tool, not
a clinical diagnosis tool. All items were rated on a 4-point Likert
scale from 0, representing none/rarely (less than 1 day), to 3,

Social nonconfidence was measured using the 4-item social
nonconfidence subscale of the Chinese version of the Social
Skills Scale, which showed good psychometric properties among
college students [28]. Social nonconfidence refers to a strong
concern about what others think about oneself and the

Measurements
Background Variables
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experience of nervous feelings during social occasions [55].
Items were ranked on a 5-point Likert scale, from 1 (definitely
not like me) to 5 (exactly like me), with higher scores (range
4-20) indicating stronger social nonconfidence. In this study,
the Cronbach α was 0.60 at baseline and 0.64 at follow-up,
indicating acceptable internal reliability.

Statistical Analysis
The associations between changes (indicated as △) in online
social networking use intensity (SFUI and EFUI) and depressive
symptoms were tested. Potential mediators of the associations
included
changes
in
father–adolescent
conflict,
mother–adolescent conflict, and social nonconfidence; potential
suppressors included changes in friendship quality, perceived
family support, and perceived friends support. Changes were
determined by subtracting the scale scores at baseline from those
at the 9-month follow-up.
Potential mediation or suppression effects were tested using
hierarchical modeling based on the methods proposed by Baron
and Kenny [56], which required the presence of significant
associations between (1) △SFUI (or △EFUI) and △CES-D;
(2) △SFUI (or △EFUI) and changes in potential mediators or
suppressors; and (3) changes in potential mediators or
suppressors and △CES-D after controlling for △SFUI (or
△EFUI). The strength of the indirect effects (mediation or
suppression) was estimated by the product a × b, where a is the
regression coefficient that relates the independent variable to
the potential mediator (or suppressors) and b is the regression
coefficient that relates the mediators (or suppressors) to the
dependent variable, with significance determined using Sobel
Z [57,58]; a × b / (a × b + c’) reflects the magnitude of mediation
effect size [57,59], where c’ is the regression coefficients
relating the mediators (or suppressors) to the dependent variable
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and the independent variable to the dependent variable in the
same model. As the total effect of the suppressors could not be
decomposed into indirect and direct proportions because it
comprised associations in opposite directions, the proportion
of the indirect effect could not be calculated; thus, only the
suppressing effects (a × b) were reported. The interaction effects
of gender for the associations between △SFUI (or △EFUI),
changes in potential mediators (or suppressors) and △CES-D
were further tested by including the interaction terms (gender
multiplied by △SFUI, △EFUI, changes in potential mediators,
or changes in potential suppressors).
Multilevel linear regression models (level 1: students, level 2:
schools) with random intercepts were fitted to take into account
the potential clustering effects from the schools. All models
were adjusted for baseline background factors that were
significantly associated with △CES-D in the univariate models
(P<.05), and the unstandardized regression coefficients with
standard errors are presented. Analyses were conducted using
SAS software (version 9.4, SAS Institute). A 2-sided P<.05 was
considered statistically significant.

Results
Sample Characteristics
In the baseline sample, 49.7% (2105/4237) of the participants
were male, and 47.5% (2011/4237) were in the seventh grade.
Approximately 48.3% (2047/4237) of students self-reported a
good or very good family financial situation. The majority of
students (88.4%, 3747/4237) lived with both parents.
Approximately one-fifth (20.1%, 852/4237) reported lower
academic performance, and 23.4% (993/4237) perceived heavy
or very heavy academic pressure (Table 1).

J Med Internet Res 2021 | vol. 23 | iss. 9 | e21316 | p.536
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Li et al

Table 1. Background characteristics and their associations with change in Center for Epidemiological Studies–Depression Scale score by Univariate
linear regression (n=4237).
n (%)

β (SE)

Male

2105 (49.7)

—a

Female

2132 (50.3)

–0.12 (0.26)

Seven

2011 (47.5)

—

Eight

2226 (52.5)

0.54 (0.26)

Primary school or below

273 (6.4)

—

Junior middle school

1425 (33.6)

0.53 (0.57)

.35

High middle school

1312 (31.0)

0.59 (0.58)

.31

University or above

1053 (24.9)

0.47 (0.60)

.43

Don't know

174 (4.1)

0.27 (0.84)

.74

Primary school or below

445 (10.5)

—

Junior middle school

1507 (35.6)

1.24 (0.47)

.008

High middle school

1199 (28.3)

1.16 (0.49)

.02

University or above

913 (21.5)

0.65 (0.51)

.20

Don't know

123 (4.1)

0.51 (0.77)

.51

Very good/good

2047 (48.3)

—

Medium

2072 (48.9)

0.02 (0.27)

.93

Poor/very poor

118 (2.8)

0.27 (0.81)

.73

Yes

3747 (88.4)

—

No

490 (11.6)

–0.71 (0.41)

Upper

1465 (34.6)

—

Medium

1920 (45.3)

–0.68 (0.30)

.02

Lower

852 (20.1)

–1.24 (0.37)

<.001

Nil/light

811 (19.1)

—

Average

2433 (57.5)

–0.36 (0.35)

.30

Heavy/very heavy

993 (23.4)

–1.46 (0.40)

<.001

Variables

P value

Sociodemographic variables
Gender

.65

Grade

.04

Father’s education level

Mother’s education level

Family financial situation

Living with both parents

.09

School-related variables
Academic performance

Perceived academic pressure

a

Reference group.

During a 9-month follow-up period, the mean △CES-D was
0.48 (95% CI 0.22, 0.74; P<.001). There were slight significant
reductions in the SFUI (P=.01) and EFUI scores (P<.001) and
the scores of 3 potential suppressors (friendship quality: P=.001;
perceived family support: P=.009; and perceived friend support:
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P<.001) and 2 potential mediators (father–adolescent conflict:
P=.02;
social
nonconfidence:
P<.001),
whereas
△mother–adolescent conflict from baseline to follow-up was
not statistically significant (P=.21) (Table 2).
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Table 2. Changes in Center for Epidemiological Studies–Depression, Social Function Use Intensity, Entertainment Function Use Intensity, and
psychosocial factors scores from baseline to follow-up.
Variables

Baseline

Follow-up

Mean difference (95% CI)

P value for time

Center for Epidemiological Studies–Depression score

15.1 (9.5)

15.6 (9.5)

0.48 (0.22, 0.74)

<.001

Social Function Use Intensity

18.4 (8.3)

18.1 (8.4)

–0.31 (–0.55, –0.08)

.01

Entertainment Function Use Intensity

8.2 (3.1)

7.8 (3.2)

–0.46 (–0.56, –0.36)

<.001

Friendship quality

19.0 (3.4)

18.8 (3.4)

–0.17 (–0.27, –0.08)

.001

Perceived family support

20.4 (5.6)

20.2 (5.4)

–0.21 (–0.37, –0.05)

.009

Perceived friend support

42.0 (10.1)

40.7 (10.5)

–1.31 (–1.63, –1.00)

<.001

Father–adolescent conflict

12.9 (5.8)

12.7 (5.8)

–0.25 (–0.45, –0.05)

.02

Mother–adolescent conflict

14.5 (6.3)

14.6 (6.7)

0.15 (–0.08, 0.37)

.21

Social nonconfidence

12.8 (3.1)

12.6 (3.1)

–0.22 (–0.33, –0.12)

<.001

Online social networking use intensity

Psychosocial factors

Associations Between △SFUI (or △EFUI) and
△CES-D (or Changes in Psychosocial Factors)

nonconfidence), but not with △friendship quality,
△father–adolescent conflict, and △mother–adolescent conflict
(Table 3).

After adjustment for grade, academic performance, and
perceived academic pressure, we found that (1) both △SFUI
and △EFUI were positively associated with △CES-D (Table
3); (2) all 3 favorable interpersonal variables (potential
suppressors) were negatively associated with △CES-D, while
all 3 unfavorable interpersonal variables (potential mediators)
were positively associated with △CES-D (Table 4); (3) △SFUI
was positively associated with all interpersonal variables, except
△father–adolescent conflict (P=.12); and (4) △EFUI was
positively associated with 2 favorable interpersonal variables
(△perceived family support and △perceived friend support)
and one unfavorable interpersonal variables (△social

Interaction effects of gender on (1) the association between
△SFUI (or △EFUI) and △CES-D (P=.60; P=.41), (2) the
association between △SFUI (or △EFUI) and change in
psychosocial factors (P=.09-.94; P=.18-.93), and (3) the
associations between psychosocial factors and △CES-D (P
range: .30–.68) were nonsignificant, except for the interaction
between gender and △SFUI on △father–adolescent conflict
(interaction P=.006), between gender and △friendship quality
on △CES-D (P=.03), and between gender and △perceived
family support on △CES-D (interaction P=.04) (Multimedia
Appendix 2 and Multimedia Appendix 3).

Table 3. Associations between △SFUI (or △EFUI) and △CES-D (or psychosocial factors) from multilevel linear regression models (n=4237).
Dependent variable

Independent variable
△Social Function Use Intensity

△Entertainment Function Use Intensity

Univariate β
(SE)

P value

Adjusteda β
(SE)

P value

Univariate β
(SE)

P value

Adjusteda β
(SE)

P value

0.08 (0.02)

<.001

0.07 (0.02)

<.001

0.14 (0.04)

<.001

0.14 (0.04)

<.001

△Friendship quality

0.02 (0.01)

.006

0.02 (0.01)

.004

0.02 (0.01)

.22

0.02 (0.02)

.06

△Perceived family support

0.03 (0.01)

.003

0.03 (0.01)

.002

0.15 (0.02)

<.001

0.15 (0.02)

<.001

△Perceived friend support

0.18 (0.02)

<.001

0.18 (0.02)

<.001

0.32 (0.05)

<.001

0.32 (0.05)

<.001

△Father–adolescent conflict

0.02 (0.01)

.08

0.02 (0.01)

.12

0.02 (0.03)

.56

0.01 (0.03)

.71

△Mother–adolescent conflict

0.04 (0.02)

.004

0.04 (0.02)

.006

0.06 (0.03)

.06

0.06 (0.03)

.10

△Social nonconfidence

0.04 (0.01)

<.001

0.04 (0.01)

<.001

0.12 (0.02)

<.001

0.12 (0.02)

<.001

△CES-Db
Psychosocial factors

a

Models were adjusted by grade, academic performance, and perceived study pressure.

b

CES-D: Center for Epidemiological Studies–Depression scale.
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Table 4. Associations between changes in psychosocial factors and △Center for Epidemiological Studies–Depression Scale (n=4237).
Psychosocial factors

a

Adjusteda

Univariate
β (SE)

P value

β (SE)

P value

△Friendship quality

–0.62 (0.04)

<.001

–0.61 (0.04)

<.001

△Perceived family support

–0.29 (0.02)

<.001

–0.29 (0.02)

<.001

△Perceived friend support

–0.11 (0.01)

<.001

–0.12 (0.01)

<.001

△Father–adolescent conflict

0.10 (0.02)

<.001

0.09 (0.02)

<.001

△Mother–adolescent conflict

0.10 (0.02)

<.001

0.09 (0.02)

<.001

△Social nonconfidence

0.38 (0.04)

<.001

0.37 (0.04)

<.001

Models were adjusted by grade, academic performance, and perceived study pressure.

Mediation and Suppression Effects Between △SFUI
and △CES-D
When a potential mediator or suppressor was entered into the
model that contained only △SFUI as the independent variable
and had △CES-D as the dependent variable, a significant
mediator resulted in a significant decrease in the regression
coefficient, while a significant suppressor resulted in a
significant increase in the regression coefficient between △SFUI
and △CES-D. Accordingly, we found 2 significant mediators
of the association between △SFUI and △CES-D:

△mother–adolescent conflict (mediation effect size 5.11%,
P=.02; model m1, Table 5) and △social nonconfidence
(mediation effect size 20.97%, P<.001; model m2, Table 5).
The combined mediation effect was approximately 25.33%
(model m3).
In addition, we found that all 3 favorable interpersonal
relationship variables were significant suppressors: △friendship
quality (suppression effect: –0.011, P=.003; model s1, Table
6), △perceived family support (suppression effect: –0.009,
P=.003; model s2), and △perceived friend support (suppression
effect: –0.022, P<.001; model s3).

Table 5. Mediation effects of changes in negative psychosocial factors on the association between △SFUI (or △EFUI) and △Center for Epidemiological
Studies–Depression Scale (n=4237) using multilevel linear regression models. All models were adjusted by grade, academic performance and perceived
study pressure.
Model

β (SE)

P value

Model m1
△SFUIa

0.07 (0.02)

<.001

△Mother–adolescent conflict

0.09 (0.02)

<.001

Model m2
△SFUI

0.06 (0.02)

<.001

△Social nonconfidence

0.36 (0.04)

<.001

Model m3
△SFUI

0.06 (0.02)

<.001

△Mother–adolescent conflict

0.09 (0.02)

<.001

△Social nonconfidence

0.35 (0.04)

<.001

Model m4

a

△EFUIc

0.10 (0.04)

<.001

△Social nonconfidence

0.36 (0.04)

<.001

Mediation effect (the ratio of indirect effect to total effect)
Effect size (%)

Sobel Z

P value

5.11

2.43

.02

20.97

5.14

<.001

25.33

N/Ab

N/A

30.65

6.07

<.001

SFUI: Social Function Use Intensity.

b

N/A: not applicable.

c

EFUI: Entertainment Function Use Intensity.
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Table 6. Suppression effects of changes in positive psychosocial factors on the association between △SFUI (or △EFUI) and △Center for Epidemiological
Studies–Depression Scale (n=4237) using multilevel linear regression models. All models were adjusted by grade, academic performance and perceived
study pressure.
Model

β (SE)

P value

Model s1
△SFUIa

0.08 (0.02)

<.001

△Friendship quality

–0.62 (0.04)

<.001

Model s2
△SFUI

0.08 (0.02)

<.001

△Perceived family support

–0.30 (0.02)

<.001

Model s3
△SFUI

0.10 (0.02)

<.001

△Perceived friend support

–0.12 (0.01)

<.001

Model s4
△EFUIb

0.18 (0.04)

<.001

△Perceived family support

–0.30 (0.02)

<.001

Model s5

a

△EFUI

0.18 (0.04)

<.001

△Perceived friend support

–0.12 (0.01)

<.001

Suppression effect
Effect

Sobel Z

P value

–0.011

–2.95

.003

–0.009

–3.01

.003

–0.022

–6.47

<.001

–0.036

–5.57

<.001

–0.039

–5.52

<.001

SFUI: Social Function Use Intensity.

b

EFUI: Entertainment Function Use Intensity.

Mediation and Suppression Effects Between △EFUI
and △CES-D
△Social nonconfidence (mediation effect size: 30.65%, P<.001;
model m4) was the only significant mediator for the association
between △EFUI and △CES-D. Significant suppressors included
△perceived family support (suppression effect –0.036, P<.001;
model s4) and △perceived friend support (suppression effect
–0.039, P<.001; model s5).

Discussion
Principal Findings
In this study, we found a significant increase in depressive
symptoms (P<.001) among young adolescents during the
9-month period and positive associations between △SFUI (or
△EFUI) and △CES-D. Moreover, associations were
simultaneously partially mediated by some unfavorable
psychosocial factors (ie, social nonconfidence and
mother–adolescent conflict) and partially suppressed by some
favorable psychosocial factors (ie, perceived social support and
quality of friendship).
Consistent with our findings, previous studies conducted in the
United States [60] and Iceland [61] had also reported a gradual
increase in depressive symptoms among adolescents. The
findings suggest that adolescents are vulnerable to gradual
deterioration of their mental health and even chronic depression.
Attention is required, given that depression may have lasting
negative consequences for adolescents.
https://www.jmir.org/2021/9/e21316
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We found that, with increases in depressive symptoms,
adolescents may have less favorable relationships (ie, reduced
friendship quality and perceived social support) over time. Given
that adolescents need to establish an autonomous self-identity,
they may spend less time with their families, resulting in reduced
perceived family support [62]. Our findings indicate that
adolescents seem to face an additional challenge of having their
relationships with their peers deteriorate over time, possibly
due to the low quality of friendships formed online, the
difference between online and general offline social
connectedness [63], and important developmental changes
during adolescence (eg, decrease in parental attachment, learning
to form attachment relationships with peers, exploration of new
environments) [64]. Fortunately, adolescents may gain social
confidence over time, possibly because they have more practice
in social interactions with other people. We observed that
changes in interpersonal relationships were associated with
changes in depressive symptoms. As social relationships are
important determinants of mental, physical, and behavioral
health among adolescents, longitudinal studies are warranted
to understand other consequences of changes in such
interpersonal relationships. In addition, we found a significant
and slight decline in online social networking use intensity (both
SFUI with P=.01 and EFUI with P<.001) over the 9-month
period. To the best of our knowledge, our study is the first to
document a longitudinal trend of online social networking use
intensity among adolescents. We show that such changes were
associated with changes in interpersonal relationships and
depressive symptoms.
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This study identified a number of important partial mediators
and suppressors of the associations between △SFUI (or
△EFUI) and △CES-D. First, △social nonconfidence partially
mediated the associations of both △SFUI and △EFUI with
△CES-D. This is a novel finding. An increase in online social
networking use may thus increase, rather than reduce, social
nonconfidence, which in turn increases depressive symptoms.
While online social networking sites provide convenient
platforms for establishing communication, contacts, and
relationships among adolescents [65], they might simultaneously
deprive adolescents of skills, time allocation, and experiences
related to effective direct offline social interactions, resulting
in social nonconfidence. Online social networking use does not
involve the use of social and nonverbal cues; it may also weaken
individuals’ desire for involvement in offline social activities
and pleasure seeking [66]. Furthermore, social nonconfidence
is potentially associated with isolation and other risk factors for
depression, which might mediate the association between
△SFUI (or △EFUI) and depression. Future research should
distinguish between social nonconfidence in face-to-face versus
online social interactions and reveal the relationship of social
nonconfidence with online and offline social relationships.
Another important finding was that △father–adolescent conflict
mediated the association of neither △SFUI nor △EFUI with
△CES-D, while △mother–adolescent conflict partially
mediated the association between △SFUI and △CES-D (a
relatively small effect of 5.11%) but not between △EFUI and
△CES-D. Thus, overall, conflict with parents is not a major
mechanism explaining the associations between △SFUI (or
△EFUI)
and
depressive
symptoms.
Furthermore,
mother–adolescent conflict, but not father–adolescent conflict,
played a role as a mediator. The difference between the 2 types
of parental conflict was evident in the correlation results, which
showed that △SFUI was positively associated with
△mother–adolescent conflict, but not with △father–adolescent
conflict, while △EFUI was not associated with either
△father–adolescent conflict or △mother–adolescent conflict.
We speculate that mothers tend to be more engaged in parenting
than fathers; they also interact more frequently with adolescents
concerning personal issues (eg, intensive online social
networking use and poor time management) [67,68]. Such
parenting may increase adolescent–mother conflict [69].
Additionally, heavy online social networking use may negatively
impact adolescents’ academic performance [70,71] and result
in adolescent conflicts with their mothers rather than with their
fathers, given that mothers may be more involved and concerned
about their children’s personal development (eg, academic
performance) than fathers [72,73]. Thus, an increase in SFUI
might result in adolescents’ more conflict with their mothers
than with fathers.
△Friendship quality showed a suppression effect between
△SFUI and △CES-D, but not between △EFUI and △CES-D,
which is understandable, as SFUI reflects the social functions
of online social networking use, while EFUI reflects the
entertainment functions. Positive friendship is a protective factor
against depressive symptoms among adolescents [74]. Online
social networking is doubtlessly one of the most preferred
platforms for communication among adolescents, through which
https://www.jmir.org/2021/9/e21316
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they can be socially connected with peers regardless of time
and place [75]. For instance, online social networking use can
supplement offline interactions and communications with friends
to improve friendship quality among adolescents. Mutual and
interactive updating of information (eg, messages and photos)
online increases perceived closeness with friends [76] and hence
supports the maintenance of friendships, especially between
friends that are geographically separated.
Equally important, both △perceived family support and
△perceived friend support suppressed the association between
changes in online social networking use intensity (both △SFUI
and △EFUI) and △CES-D. Increases in SFUI and EFUI may
enhance perceived support from family and friends, which in
turn decreases the level of depressive symptoms. In this study,
△SFUI and △EFUI were positively associated with perceived
social support. Conceptually, online social networking use
allows adolescents to express their needs for support readily by
means of online self-disclosure (eg, communicating personal
information, thoughts, and feelings with others online) [77,78],
which has been shown to be correlated with perceived social
support [29,79]. Simultaneously, online social networking use
provides channels for others to provide social support to
adolescents and for adolescents to receive such social support.
Interestingly, △perceived family support, similar to △perceived
friend support, was a suppressor. It is plausible that online social
networking use is not limited to interaction with friends but also
includes interaction with family members. The relationship of
online social networking use with family support and its
mechanisms require future research attention.
Importantly, △SFUI (or △EFUI) possessed both mediators
(social nonconfidence and mother–adolescent conflict) that were
risk factors for △CES-D and suppressors (friendship quality
and perceived social support) that were protective factors against
△CES-D. Stakeholders should be made aware that online social
networking use by adolescents is neither good nor bad; related
interventions should maximize protective suppressors and
minimize harmful mediators of online social networking use
among adolescents to transform harms into benefits. Attention
should be paid to reducing harm that arises from social
nonconfidence as a mediator, which was the strongest among
all the mediators that were studied. Such interventions should
provide training on social skills and communication skills.
Conflict resolution strategies for adolescents and their mothers
(eg, conciliation and positive problem-copying strategies) might
also be useful [80]. In addition, given the high popularity of
online social networking among adolescents, web-based
platforms might be an innovative avenue to identify individuals
at high risk for depression and can be a cost-effective tool to
improve psychological well-being among adolescents [81].

Limitations
This study has some limitations. Reporting bias (eg, social
desirable bias and recall bias) might exist although most studies
[21,22] used self-reported data on online social networking use.
The survey may not be nationally representative, due to large
geographic variations and its restriction to secondary school
students. Our study focused on early adolescence (ie, secondary
school students), caution needs to be used in generalizing the
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results to older adolescents. Future comparisons of this study’s
findings with those of older adolescents are warranted. There
were differences in some sociodemographic factors (ie, gender,
grade, family financial situation, lives with both parents, and
academic performance) between those who were followed up
and lost to follow-up in our study. Although the influence of
some of these factors (ie, grade, academic performance) have
been considered in the multivariable analysis, interpretation of
the findings should be made cautiously by considering the
potential influence of these differences. Online and offline
psychosocial relationships were not differentiated, whereas a
study conducted in Hong Kong reported that perceived online
social support failed to buffer stress for adolescents [82]. We
investigated only perceived social support but no other forms
of social support. The psychosocial factors represent
self-perceptions, which were measured by widely used and
validated scales. The measurements of parent–adolescent
conflict could not identify whether the parent–adolescent conflict
arose from online social networking use; further refinements in
future studies were warranted. The relatively short follow-up
time and involvement of only one follow-up (in the same school
year) is a limitation; the interpretation of the findings should
hence take the design into account (ie, that findings reflect
short-term but not long term changes). We also did not include
other types of interpersonal and personal mediators (or
suppressors). The causal mediational sequence could not be
derived from the 2-level study, and the follow-up period was
relatively short. Moreover, the mediation and suppression effects
found in this study were relatively small. Future multilevel
research considering more comprehensive factors is warranted.
Despite these limitations, our study has the strengths of being
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novel and using a longitudinal study design and well-validated
instruments.

Conclusion
Consistent with previous findings, an increase in online social
networking use was associated with an increase in adolescents’
depressive symptoms. The risk effect was, however, partially
a balance between the combination of mediation and suppression
effects of psychosocial factors. The increase in online social
networking use was associated with both unfavorable
interpersonal situations (eg, increase in social nonconfidence)
that increased depressive symptoms (mediators) and
improvement in favorable interpersonal relationships (eg,
perceived social support, friendship quality) that reduced
depressive symptoms (suppressors). Future studies should clarify
the relative contributions of the various interpersonal effects,
and the findings of this study should be considered when
designing interventions. Furthermore, we found that an increase
in online social networking use also improved perceived family
support. However, the mechanism, as well as the degree and
role of the involvement of parents in adolescents’ online social
networking use, have not been well studied in the literature;
this involvement may be a potential moderator of the
relationship between online social networking use and
depressive symptoms, but the direction is unclear. Future studies
are warranted. Finally, our findings provide a reminder for
various stakeholders to eliminate the stigma against adolescents
who are heavy online social networking users, given that online
social networking use can generate both harmful and protective
effects against depressive symptoms. The understanding or
perception that online social networking use is associated with
depressive symptoms needs to be reviewed and elaborated.
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Abstract
Background: Social question-and-answer (Q&A) sites have become an important venue for individuals to obtain and share
human papillomavirus (HPV) vaccine knowledge.
Objective: This study aims to examine how different features of an HPV vaccine–related answer are associated with users’
response behaviors on social Q&A websites.
Methods: A total of 2953 answers and 270 corresponding questions regarding the HPV vaccine were collected from a leading
Chinese social Q&A platform, Zhihu. Three types of key features, including content, context, and contributor, were extracted
and coded. Negative binomial regression models were used to examine their impact on the vote and comment count of an HPV
vaccine–related answer.
Results: The findings showed that both content length and vividness were positively related to the response behaviors of HPV
vaccine–related answers. In addition, compared with answers under the question theme benefits and risks, answers under the
question theme vaccination experience received fewer votes and answers under the theme news opinions received more votes
but fewer comments. The effects of characteristics of contributors were also supported, suggesting that answers from a male
contributor with more followers and no professional identity would attract more votes and comments from community members.
The significant interaction effect between content and context features further showed that long and vivid answers about HPV
vaccination experience were more likely to receive votes and comments of users than those about benefits and risks.
Conclusions: The study provides a complete picture of the underlying mechanism behind response behaviors of users toward
HPV vaccine–related answers on social Q&A websites. The results help health community organizers develop better strategies
for building and maintaining a vibrant web-based community for communicating HPV vaccine knowledge.
(J Med Internet Res 2021;23(9):e29885) doi:10.2196/29885
KEYWORDS
answer-response behaviors; Zhihu; HPV vaccine information; content features; context features; contributor features

Introduction
Background
With the prevalence of Web 2.0, social media has become a
significant venue for individuals to exchange health-related
information. Compared with traditional information sources
(eg, television and newspapers), social media provides more
https://www.jmir.org/2021/9/e29885
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customized information with higher efficiency for users to
access. Health information–seeking behaviors and needs on
social media have inspired a number of recent research streams
[1,2], engendering crucial insights into the treatment of various
health issues such as diabetes, HIV, chronic illnesses, and mental
health. Among them, a significant number of studies have
focused on information related to human papillomavirus (HPV)
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vaccines on social media [3-6]. HPV is a common sexually
transmitted infection responsible for most cervical cancer cases
[7]. The HPV vaccine has been recognized as an effective
method to prevent cervical cancer, but its vaccination rate among
young women remains low in developing regions, such as 1.1%
in Asia and 1.2% in Africa [8]. In China, only 3.1% of college
students have been vaccinated against HPV [9].
The literature has suggested that HPV vaccine–related
information on social media plays an important role in shaping
attitudes and behaviors of individuals toward HPV vaccination
[10-12]. For example, both a survey study [13] and a content
analysis [14] showed that information about HPV vaccine safety
concerns might affect HPV vaccination acceptance and
behaviors. Although these studies provide valuable insights on
knowledge sharing of HPV vaccines on different social media
platforms, few of them have investigated what makes an HPV
vaccine answer popular in social question-and-answer (Q&A)
sites.
Social Q&A websites are a type of social media that were
originally designed for knowledge creation and sharing. It
presents the content with a Q&A structure, where users ask and
answer questions of one another about a wide range of topics
[15]. Recent years have witnessed the increasing popularity for
the public to seek and share health information on social Q&A
platforms [16,17]. Unlike other social media platforms that are
often centered on tight social relationships, social Q&A websites
are typically based on loose social connections between
community members who share a common interest. It is
especially important to understand what makes an answer
popular, as it would facilitate the maintenance of a vibrant
web-based community on social Q&A platforms [18]. However,
little research effort has been made to examine the popularity
of predictors of health-related answers, not to mention the
answers about the HPV vaccine topic. To address this research
gap, this study aims to advance the existing literature on social
engagement of users on social Q&A platforms by investigating
how different characteristics of an HPV vaccine–related answer
affect response behaviors of users (ie, voting and commenting)
on Zhihu, a Chinese social Q&A platform. The findings of this
study could benefit academia and practice by identifying and
formulating well-grounded strategies to encourage user
engagement in health knowledge discussions on social Q&A
websites, which could facilitate the amplification of HPV
vaccine information on social media and eventually enhance
vaccine acceptance and vaccination behavior.

Literature Review and Hypotheses
Behavioral engagement of users (eg, voting and commenting)
on social Q&A platforms is a key driver of platform growth
and its long-term success [18]. The quality of answers on these
platforms is critical for users’ engagement with the content and
the platform. In this study, we are particularly interested in
exploring various features of health-related answers that can
shape the actual behavioral engagement of users on social Q&A
websites. Previous studies have used existing theoretical
frameworks to understand potential features. For example, based
on the heuristic-systematic model, Wang et al [19] developed
a conceptual framework consisting of content and sender factors
https://www.jmir.org/2021/9/e29885
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that drive cancer information diffusion on social media. Some
social Q&A studies [20,21] further emphasized the question
features that may influence the user response rate, such as the
topic and the posting time of a question. Inspired by the
abovementioned studies, this study proposed three main features
of a health-related answer that may affect response behaviors
of users, including content (answer-related features), context
(question-related features), and contributor (user-related
features).

Content Features
In the context of web-based communities, textual content is the
basic element for conveying information. Content length, which
is defined in this study as the number of words that a contributor
writes for an answer, is often considered as an important
indicator for comprehension and helpfulness of textual content.
A post with a longer length indicates a greater likelihood of
involving detailed descriptions [22], increasing the perceived
usefulness of the audience [23]. As such, an answer containing
more words is more likely to satisfy the health knowledge needs
of users in a social Q&A environment. For example, in an HPV
vaccine–related web-based discussion forum, a longer answer
might include more details, such as the risks and benefits of the
HPV vaccine or vaccine uptake experience [24]. Thus, long
answers could convey more relevant knowledge to readers and
aid their understanding of HPV vaccination.
The content vividness of an answer is another important feature
that facilitates information dissemination on social Q&A
platforms. In this study, we define content vividness as the
amount of sensory information (eg, image) provided in an
answer. Fang et al [18] argued that content vividness is useful
for attracting the attention of users by increasing information
richness and visual richness. On social media platforms, the
vividness of a post is commonly evoked by multimedia, such
as pictures or videos. Yin et al [25] found that using multimedia
to complement textual content can increase information
credibility in sharing posts. Furthermore, Jiang and Benbasat
[26] observed that content vividness enhances user enjoyment.
Hence, content vividness can bring both functional and
emotional benefits to readers in a social Q&A environment.
According to the social exchange theory [27,28], when people
receive help and support from peers in a social network, they
feel the need to reciprocate such help. Applying this theory to
the social Q&A context, users might feel obligated to pay back
the contributors who share knowledge in an answer, especially
when they perceive that the answer successfully fulfills their
information needs through a detailed description and some
visual aids. Post replying is the most common repaying behavior
because it can promote the recognition and reputation of
contributors [18]. Many studies have demonstrated that
health-related content on social media predicts user social
engagement, such as sharing or commenting [4,24]. For
example, a study by Rus and Cameron [29] indicated that
diabetes-related messages with images receive higher rates of
user engagement compared with those without images.
Similarly, Fang et al [18] also found that post length and
information vividness affect the number of reply posts in a
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web-based community. Taken together, we propose the
following hypothesis:
Hypothesis 1: content features, including (a) content length and
(b) content vividness, are positively associated with response
behaviors toward HPV vaccine–related answers.

Context Features
The core concept of social Q&A platforms is that users are
allowed to express an information need in the form of a question
and seek answers from fellow users in the community [30]. The
themes of these questions vary from one to another. For
example, Sharon et al [31] found that vaccine-related questions
focus on different topics, such as the benefits and risks of
vaccination and vaccine schedules. These questions have
become an essential part of a diverse and vibrant whole on many
platforms, reflecting and supporting users with different goals
and expectations [32]. Considering the variety of question
themes, the way in which knowledge contributors answer a
question might be different [33]. There are several early attempts
to investigate user preferences for answering certain themes of
questions. For instance, Hsieh and Counts [34] found that
socially conducive questions are more favored by users, whereas
Harper et al [35] indicated that advice-seeking questions receive
longer answers than fact-seeking questions. Depending on the
theme of the question, the context of answering that question
is also different. Therefore, in this study, we argue that the
question theme might serve as the context feature of an answer
on a social Q&A platform.
Despite a growing body of literature investigating users’
response behaviors in web-based communities [18,29], limited
research has examined how the situational context behind a
question affects the popularity of its answers. In a social Q&A
context, answers received from fellow users are often expected
to address what the asker articulates in the question. In other
words, users’ evaluation of these answers is closely related to
the asker’s perceived expectations indicated by the questions
[32]. In a study of the social Q&A site Yahoo! Answers, Kim
et al [36] found that question themes shape the evaluation
criteria of users to select the best answer. As an answer with a
high evaluation score may trigger more social engagement (eg,
liking and commenting) [18,37] and different question themes
may be evaluated differently by the users, it is reasonable to
assume that question themes can affect the number of likes and
replies in an answer when people contribute HPV vaccine
knowledge on a social Q&A platform. Therefore, we
hypothesize the following:
Hypothesis 2: the question theme is associated with response
behaviors toward HPV vaccine–related answers.
In addition to the main effects mentioned earlier, there might
be an interaction effect between content and context features
on response behaviors of users. It is possible that the effects of
a long and vivid answer on response behaviors would be
amplified within specific question themes. For instance, a more
detailed answer with additional images to the question asking
people’s experience of HPV vaccination might appeal to more
users, thus triggering more discussion from the community
members when compared with those questions under another
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theme (such as costs of HPV vaccines). In other words, more
vivid, comprehensive answers under certain question themes
might better satisfy health information needs of users and
generate more user engagement. Understanding this interaction
effect is valuable in addressing the practical needs of community
developers who want to maximize user engagement on their
social Q&A websites. Considering that there is limited research
examining such synergistic effects on social engagement, we
propose the following research question:
Research question: does the question theme moderate the effects
of content length and content vividness on response behaviors
toward HPV vaccine–related answers?

Contributor Features
When browsing user-generated content on social media, users
often evaluate the characteristics of a source to determine its
credibility, which further affects their behavioral intentions.
Source credibility theory [38] identifies source expertise and
trustworthiness as key elements that affect information
credibility. Whether a message sender is perceived as highly
credible is determined by others’ evaluation of their knowledge,
occupation, social training, or experience [39]. In the web-based
environment, such evaluations are based on the social cues
provided by the contributor in the site network, such as gender,
education level, profession, and the number of followers. These
cues may serve as heuristics that impact source credibility,
translating to the contributor’s perceived expertise and
trustworthiness.
For instance, compared with female sources, information coming
from male sources is more likely to be perceived as credible,
especially on information-focused topics [40]. Furthermore,
those who have higher education levels are perceived to have
sufficient expertise; thus, they are considered credible [41].
Profession also contributes to the perceived expertise of the
contributor, which predicts perceived credibility [42,43].
Moreover, users who have more followers are more likely to
be considered trustworthy than those with a low number of
followers [44]. All these social cues of source credibility will
eventually affect other social engagement of users with the
information. Finally, Kareklas et al [45] conducted a web-based
experiment among participants who viewed 4 fictitious
individuals who either expressed pro- or antivaccination
viewpoints. Their results suggest that individuals who are
perceived as credible are more likely to shape consumers’
vaccination attitudes and behavioral intentions. As such, users
of social Q&A platforms constantly check the credibility of an
answer’s contributor through social cues (ie, gender, education
level, follower account, and profession); such credibility
evaluations are critical in affecting users’ participation in
blog-mediated communication [46]. Thus, we propose the
following hypothesis:
Hypothesis 3: contributor features such as (1) gender, (2)
education level, (3) follower count, and (4) profession are
associated with response behaviors toward HPV vaccine–related
answers.
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Methods
Data Collection
Data were collected from a leading social Q&A website in
Zhihu, China [1]. Launched in 2011, Zhihu is the largest Chinese
social Q&A website with over 160 million registered users and
26 million daily active users as of July 2018 [47]. It is a platform
that facilitates knowledge creation and sharing in the public. In
Zhihu, questions are created, answered, edited, and managed
by users. There is a wide range of topics discussed on the Zhihu
platform, enabling users to have convenient access to specific
questions and answers. For example, on the platform, HPV
vaccine (Chinese “宫颈癌疫苗”) is a unifying topic where one

Li et al
can find relevant questions and answers. A screenshot of the
Zhihu interface is shown in Figure 1, which shows one question
related to the HPV vaccine and the answers contributed by the
community members. Under this particular topic, users could
raise HPV vaccine–related questions while other community
members with relevant knowledge (ie, contributors) answer the
questions. We extracted all the questions with respective answers
relating to the HPV vaccine available on Zhihu using the Python
Web Crawler (Python Software Foundation) in March 2019. A
total of 2953 answers with 270 corresponding questions were
collected for the study. In addition, profile information of
contributors (eg, gender and education) was also collected for
data analysis.

Figure 1. Screenshot of the main interface of Zhihu.

Operationalization of Study Variables
We hypothesized that three types of features (ie, content,
context, and contributor features) are determinants of response
behaviors on social Q&A platforms. The concepts and
measurements used in this study are summarized in Table 1.
First, content features included content length and content
vividness, which were operationalized, respectively, as word
count (WC) and image count (IC) in a specific answer. Second,
context features were assessed using the theme of each answer.
In total, 3 research assistants who majored in communication
were recruited to independently review all 270 questions and
code them into different categories. They further discussed,
based on the initial subject of the questions, and resolved the
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discrepancies in the coding results until a consensus was
reached. To this end, a coding scheme including three types of
question themes was developed: (1) benefits and risks, (2)
vaccination experience, and (3) news opinions. Detailed
descriptions and examples are provided in Table 1. Third,
contributor features were measured by four types of personal
information of each user on Zhihu, including gender (male or
female), education (presented or not presented), profession
(presented or not presented), and follower count. Finally, as the
dependent variable of this study, response behaviors were
assessed using two metrics of any given answer on Zhihu: (1)
vote count (ie, the number of users who show agreement with
one answer) and (2) comment count (ie, the number of
comments in one answer).
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Table 1. Measurements of constructs.
Construct and description

Value

Content features
Word count, mean (SD)
The number of words in answer i

307.39 (1088.77)

Image count, mean (SD)
The number of images in answer i

0.42 (1.98)

Context features
Question theme, n (%)
Theme 1. Benefits and risks: referring to questions about positive and negative (side effects) effects of HPVa
vaccine, for example “网传HPV疫苗将导致不孕及其他副作用是真的吗？ (Is the web-based information
true that the HPV vaccine will cause infertility and other side effects)”

542 (18.43)

Theme 2. Vaccination experience: referring to questions about procedure and cost of HPV vaccine, for example 1917 (65.18)
“深圳或香港怎么预约HPV疫苗 (How to make an appointment for HPV vaccine in Shenzhen or Hong Kong)”
Theme 3. News opinions: referring to questions about opinions or discussion of public news relating to HPV 482 (16.39)
vaccine, for example “如何看待时隔11年后宫颈癌二价疫苗终于在中国大陆上市 (How do you think that
the Cervarix vaccine has finally been launched in mainland China after 11 years)”
Contributor features
Gender, n (%)
The author’s gender of answer i
Male

1919 (65.25)

Female

1022 (34.75)

Education, n (%)
If the author of answer i reveals educational background
Presented

673 (22.88)

Not presented

2268 (77.12)

Profession, n (%)
If the author of answer i reveals professional background
Presented

443 (15.06)

Not presented

2498 (84.94)

Follower count, mean (SD)
The number of fans of answer i’s author at time t

2145.98 (27,095.82)

Response quantity
Vote count, mean (SD)
The number of votes of answer i at time t

10.16 (137.42)

Comment count, mean (SD)
The number of comments of answer i at time t
a

4.44 (33.56)

HPV: human papillomavirus.

Data Analysis
The two measures of response behaviors (ie, vote count and
comment count) were count data, a type of data in which the
observations can take only the nonnegative integers. As shown
in Table 1, the variances of vote count and comment count
(137.42 and 33.56, respectively) were significantly greater than
their conditional means (10.16 and 4.44, respectively), indicating
that the data distributions for the two variables were
https://www.jmir.org/2021/9/e29885
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overdispersed. Furthermore, the quantile-quantile plots also
show that vote count and comment count did not follow a normal
distribution, and there were numerous extreme values (Figure
2). In this case, regression models using ordinary least squares
might produce inconsistent, biased results [48]. Therefore, we
used negative binomial regression modeling as it does not
assume an equal mean and variance and introduces a parameter
to correct for overdispersion.
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Figure 2. Quantile-quantile plots for vote count and comment count.

We established hierarchical regression models to examine the
influence of different factors on vote and comment counts.
Model 1 included measures of content, context, and contributor
features to test the main effects. Following this, the interactions
between the measures of content and context features were
added in model 2. In addition, our model included a variety of
independent variables in one setting, and Bonferroni correction
was used to avoid multiple comparisons fallacy. More
specifically, the Bonferroni-corrected P value is defined as α/k
(number of tests) [49,50]. Accordingly, we applied a significance
level of P=.02 (P=.05 is divided by three themes) in our analysis.
Finally, we performed the variance inflation factor test to check
for multicollinearity, and the results indicated that the variance
inflation factors for study variables ranged from 1.03 to 1.95,
which were all below the recommended value of 10 [51]. Thus,
there is no multicollinearity in the proposed empirical models.

Results
Main Effects
Tables 2 and 3 show the effects of various factors on vote and
comment counts. Hypotheses 1(a) and 1(b) show that content
length and content vividness are positively associated with
response behaviors of users. As is evident from model 2 in the
two tables, the WC of an answer was positively associated with
both vote count (β=7.96E-04; incidence rate ratio [IRR]=1;
P<.001) and comment count (β=1.35E-04; IRR=1; P=.004).
This finding supports hypothesis 1(a). The IRRs or
exponentiated values were calculated to interpret the regression
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coefficients of the indicator variables. For example, a one-unit
change in WC increases the answer’s rate of obtaining a vote
and a comment by a factor of 1, while holding all other
predictors constant in the model. Similarly, the IC in an answer
was positively related to both vote count (β=3.96E-01;
IRR=1.49; P<.001) and comment count (β=2.19E-01; IRR=1.25;
P=.02). Thus, hypothesis 1(b) was supported.
Hypothesis 2 stated that the context feature of an answer (ie, a
question theme) would affect response behaviors. We found
that compared with the reference group benefits and risks (theme
1), news opinions (theme 3) was positively related to vote count
(β=4.76E-01; IRR=1.61; P=.007), whereas vaccination
experience (theme 2) was not significantly related to vote count
(β=−2.87E-01; IRR=0.75; P=.04). In addition, compared with
the reference group benefits and risks, news opinions had a
negative effect on comment count (β=−4.35E-01; IRR=0.65;
P=.004).
As for hypothesis 3, we stated that various contributor features
would induce an HPV vaccine–related answer’s response
behavior. The results showed that male gender (β=6.68E-01;
IRR=1.95; P<.001) and follower count (β=2.98E-01; IRR=1.35;
P<.001) were positively associated with vote count, whereas
presence of profession (P=.03) and education (P=.90) was not
significantly associated with vote count. Similarly, male gender
(β=2.21E-01; IRR=1.25; P=.01) and follower count
(β=1.70E-01; IRR=1.19; P<.001) had similar positive effects
on comment count, whereas presence of profession (P=.03) and
education (P=.64) had no impact on comment count.
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Table 2. Results of negative binomial regression model (vote count).
Variables

Model 1

Model 2

Estimate (SE)

P value

IRRa

Estimate (SE)

P value

IRR

Word count

1.42E-03 (4.56E-05)

<.001

1.00

7.96E-04 (5.42E-05)

<.001

1.00

Image count

8.43E-01 (2.52E-02)

<.001

2.34

3.96E-01 (1.08E-01)

<.001

1.49

Theme 1b (reference)

—c

—

—

—

—

—

Theme 2d

2.89E-02 (1.34E-01)

.83

1.04

−2.87E-01 (1.38E-01)

.04

0.75

Theme 3e

5.39E-01 (1.70E-01)

.002

1.81

4.76E-01 (1.76E-01)

.007

1.61

Gender (male)

6.33E-01 (1.06E-01)

<.001

1.97

6.68E-01 (1.05E-01)

<.001

1.95

Education (presented)

6.46E-02 (1.49E-01)

.67

1.10

4.71E-02 (1.48E-01)

.90

1.05

Profession (presented)

−3.75E-01 (1.69E-01)

.03

0.65

−3.57E-01 (1.67E-01)

.03

0.70

Ln(fans count)

3.07E-01 (2.74E-02)

<.001

1.31

2.98E-01 (2.73E-02)

<.001

1.35

WCf Theme 1b (reference)

—

—

—

—

—

—

WC Theme 2d

—

—

—

8.03E-04 (1.04E-04)

<.001

1.01

WC Theme 3e

—

—

—

1.98E-04 (2.06E-04)

.34

1.00

ICg Theme 1b (reference)

—

—

—

—

—

—

IC Theme 2d

—

—

—

4.88E-01 (1.11E-01)

<.001

1.63

IC Theme 3e

—

—

—

−4.69E-01 (1.95E-01)

.02

0.63

Null deviance (dfh)

3327.6 (2940)

—

—

3397.7 (2940)

—

—

Residual deviance (df)

2051.1 (2931)

—

—

2054.4 (2927)

—

—

AICi

9433.7

—

—

9406.6

—

—

Content features

Context features (question theme)

Contributor features

Interaction

Model fit

a

IRR: incidence rate ratio.

b

Theme 1: benefits and risks.

c

Not available.

d

Theme 2: vaccination experience.

e

Theme 3: news opinions.

f

WC: word count.

g

IC: image count.

h

df: degree of freedom.

i

AIC: Akaike information criterion.
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Table 3. Results of negative binomial regression model (comment count).
Variables

Model 1

Model 2

Estimate (SE)

P value

IRRa

Estimate (SE)

P value

IRR

Word count

9.41E-04 (3.88E-05)

<.001

1.00

1.35E-04 (4.64E-05)

.004

1.00

Image count

1.96E-01 (2.14E-02)

<.001

1.22

2.19E-01 (9.26E-02)

.02

1.25

Theme 1 (reference)

—b

—

—

—

—

—

Theme 2

9.662E-02 (1.119E-01)

.38

1.10

−1.36E-01 (1.15E-01)

.24

0.87

Theme 3

−2.370E-01 (1.450E-01)

.10

0.79

−4.35E-01 (1.51E-01)

.004

0.65

Gender (male)

1.90E-01 (9.01E-02)

.04

1.21

2.21E-01 (8.97E-02)

.01

1.25

Education (presented)

−1.05E-01 (1.26E-01)

.40

0.90

−1.04E-01 (1.26E-01)

.64

0.90

Profession (presented)

−2.98E-01 (1.43E-01)

.04

0.74

−3.04E-01 (1.43E-01)

.03

0.74

Ln(fans count)

1.67E-01 (2.31E-02)

<.001

1.18

1.70E-01 (2.32E-02)

<.001

1.19

WCc Theme 1d (reference)

—

—

—

—

—

—

WC Theme 2e

—

—

—

9.02E-04 (8.95E-05)

<.001

1.00

WC Theme 3f

—

—

—

1.01E-03 (1.77E-04)

<.001

1.00

ICg Theme 1 (reference)

—

—

—

—

—

—

IC Theme 2

—

—

—

−1.11E-02 (9.57E-02)

.91

0.99

IC Theme 3

—

—

—

−4.26E-01 (1.72E-01)

.01

0.65

Null deviance (dfh)

2996.0 (2940)

—

—

3025.0 (2940)

—

—

Residual deviance (df)

2398.4 (2931)

—

—

2401.1 (2927)

—

—

AICi

10,711

—

—

10,700

—

—

Content features

Context features (question theme)

Contributor features

Interaction

Model fit

a

IRR: incidence rate ratio.

b

Not available.

c

WC: word count.

d

Theme 1: benefits and risks.

e

Theme 2: vaccination experience.

f

Theme 3: news opinions.

g

IC: image count.

h

df: degree of freedom.

i

AIC: Akaike information criterion.

Interaction Effects
Finally, the research question asked whether there was an
interaction effect between the content and context features on
response behaviors. First, for the moderating effect of WC and
question theme, compared with the reference group WC Theme
1: benefits and risks, the interaction WC Theme 2: vaccination
experience was positively related to vote count (β=8.03E-04;
IRR=1.01; P<.001) and comment count (β=9.02E-04; IRR=1;
P<.001). Moreover, the interaction between WC and news
opinion was only positively associated with comment count
(β=1.01E-03; IRR=1; P<.001). Second, for the moderating
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effect of IC and question theme, compared with the reference
group IC Theme 1: benefits and risks, the interaction IC Theme
2: vaccination experience was positively associated with vote
count (β=4.88E-01; IRR=1.63; P<.001). In contrast, the
interaction IC Theme 3: news opinions was negatively associated
with vote count (β=-4.69E-01; IRR=0.63; P=.02) and comment
count (β=-4.26E-01; IRR=0.65; P=.01).
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Discussion

share their opinions regarding these controversial topics, thus
generating more comments.

Principal Findings

As for the characteristics of contributors, gender has a relatively
large effect on response behaviors (both vote and comment
count), followed by follower counts. Drawing support from
source credibility theory, this study confirms the role of the
demographic characteristics of a contributor as important
credibility indicators in web-based knowledge-sharing
communities. The findings have emphasized how these key
accessible cues of source credibility of a contributor drive
participation of other members in their answers on social Q&A
websites. In general, an HPV vaccine–related answer posted by
a male contributor with more followers but without professional
identity would attract more users’ engagement from community
members. Gender is widely recognized as an important
demographic factor in studies of credibility perceptions [58,59]
and web-based behaviors [60,61]. A study conducted on
Facebook [62] found that compared with women users who
tend to share more personal issues, men discuss more general
public topics, which ultimately elicit more comments. Consistent
with the literature, our study shows that even for some
female-related public topics such as HPV vaccine, a
contributor’s gender has the same influence on the response
behaviors. Furthermore, contributors who have more followers
would trigger more votes and comments regarding their posted
answers. Compared with newcomers, they know how to create
content that attracts attention, recognition, and favorable
feedback from other users and are motivated to maintain their
reputation in the web-based community [18]. However, this
study did not support the notion that the presence of professional
and educational profiles in an answer would affect its votes and
comments. This conclusion is inconsistent with prior studies,
which demonstrated that individuals often perceive opinions of
experts as trustworthy and therefore are more likely to agree
with them [63,64]. A possible explanation might be that nearly
half of the Zhihu answer contributors who revealed their
professional information in our data set are from the health
insurance or commercial health industry. Users may not consider
their posts as objective as actual health experts (such as doctors
in public hospitals) because of the potential commercial interests
of HPV vaccines.

On social Q&A websites, social engagement of users toward
an answer creates complex social feedback effects, which
influence the knowledge-sharing behavior of a contributor in
the future. Through the lens of existing theories, including social
exchange theory and source credibility theory, we identified
seven essential features from three distinct dimensions (ie,
content, context, and contributor features) that may be associated
with the heterogeneity in the answer-response behaviors, and
evaluated the impacts of these features in a holistic and
comprehensive research model that has not yet been investigated
in the extant literature. The empirical results of this study lead
to important findings in health communication and social media
research. Overall, the results suggest that the content, context,
and contributor features of an HPV vaccine–related answer are
associated with other users’ engagement on a social Q&A site.
At the content level, the findings show that both post length and
image number positively impact the number of votes and
comments toward a certain answer. Although similar results
have been found in user-generated content on social media or
general web-based communities [18,52,53], this study further
extends these key conclusions to the context of communicating
health information on emerging social Q&A websites.
Specifically, our findings highlight that richness and vividness
of an HPV vaccine–related answer can increase the willingness
of other members to respond to this post. The findings also
support the applicability of social exchange theory to understand
the effect of content features on the response behaviors of users.
From this theoretical perspective, people tend to show support
and gratitude to those who spend time and effort contributing
to comprehensive knowledge [54]. Votes and comments are
thus regarded as reciprocal behavior from the users who have
successfully had their information and psychological needs
addressed by the rich and vivid answers. As the awareness of
people of an HPV vaccine has been reported to be low in China
[55], this study highlights the need to include helpful and
concrete messages with appropriate visual illustrations to
promote relevant health knowledge sharing in the social Q&A
context.
At the context level, the results reveal that the question theme
can affect the response behaviors of users toward a
corresponding answer on social Q&A websites. Several existing
studies in the health promotion research domain [56,57] have
shown that posts under certain health topics are more likely to
trigger information sharing of users. This study contributes to
this body of literature by suggesting that answers responding
to the topics about benefits and risks of HPV vaccine have
received fewer votes but more comments from web-based
members, compared with those discussing relevant news of
HPV vaccine. One possible explanation for this interesting
observation is that, due to relatively low awareness about HPV
vaccination in China, it may be difficult for the users to vote
for an answer when they perceive the effects and safety of HPV
vaccination as controversial. Instead, by having more latitude
for self-expression than a simple vote, they are more likely to
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More importantly, this study provides novel evidence related
to the interaction effects between content and context features
on response behaviors. In particular, long and vivid answers
about HPV vaccination experience are more likely to receive
users’ votes and comments than those about risks and benefits.
This finding suggests that community members prefer to read
and discuss more comprehensive answers about personal
vaccination stories rather than medical facts about vaccines
[24]. Such stories might provide users with more meaningful
and customized guidance on how to take up an HPV vaccine
in terms of its costs, schedule, and feelings, especially for those
who intend to do so. Interestingly, we found that when
answering a question about vaccine news, answers with more
images received fewer votes and comments. It is possible that
users might expect answers that unpack the systemic causes
and consequences of public news related to HPV vaccines, for
example, the reasons and results of the delays in approving HPV
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vaccines in mainland China. When it comes to HPV news
discussion, users show a more favorable attitude toward answers
using thematic framing instead of episodic framing [65]. Adding
numerous images in this scenario might deteriorate the scientific
value of such answers.

Limitations and Future Directions
This study has several limitations that may open directions for
future research. First, because of the nature of a content analysis,
this study only focuses on observed answer-response behaviors
in social Q&A platforms, failing to explore the psychological
processes underlying these behaviors. Although there is existing
literature that discusses the cognitive mechanisms of how social
media information shapes decision-making behaviors [66],
future studies should use surveys or experimental methods to
further empirically investigate the underpinning process of
response behaviors in this particular health context. Second, the
content features measured in this study are relatively abstract
and broad, which might not be able to capture the dynamics of
the concepts. It is worthwhile for future studies to explore more
detailed content features, such as readability, narrativity, and
coherence, which could inform public health professionals to
take more specific and effective actions to promote user
engagement on social Q&A websites. Third, as the primary aim
of this study is to investigate web-based health answers on a
Chinese social Q&A website, the findings may not be
generalizable to social Q&A websites in other cultural contexts.
As a result, more studies need to be conducted within different
cultural contexts to further validate our findings and provide
additional insights into the potential cultural influence on HPV
vaccine answer-response behaviors. Finally, the wide spread of
misinformation on social media is noteworthy. Although beyond
the scope of this study, one future direction is to consider the
veracity of information regarding HPV vaccination shared on
social Q&A websites, for example, using a data mining method
to examine the relationship between the truthfulness of an
answer and its engagement metrics (ie, number of votes and
comments).

Research and Practical Implications
This study contributes to the existing body of literature research
in several ways. First, to our knowledge, this is one of the first
attempts to investigate the factors predicting users’ response
behaviors toward health-related answers on social Q&A
platforms, under a novel and comprehensive framework with
features from three different layers: content, context, and
contributor. The findings pave the way for understanding the
social dynamics of emerging web-based knowledge-sharing
communities. The framework established in this study has the
potential to inspire future research to extend its applicability to
other health issues on social media platforms. Second, the
findings emphasize the critical role of the question theme in
facilitating social engagement in the web-based
knowledge-sharing context. It contributes to a complete account
of contextual effects within social Q&A platforms, seldom
covered in previous research. Finally, the study extends the
current web-based information behavior literature by examining
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the interaction effect between content and context features on
social Q&A websites. Although many studies have highlighted
the need for comprehensive content in web-based communities
[67], they neglected the confluence of comprehensive contents
and contextual topics that collectively induce response
behaviors. This study provides a clearer picture of why people
respond to health-related information on social Q&A websites
by considering the synergistic effects between content and
question themes.
From a practical perspective, the results can also help health
practitioners and knowledge contributors on social media to
better understand the information needs and preferences of the
public regarding HPV vaccines. By identifying the key factors
and their interaction effects that drive users’ response behaviors,
this study helps health professionals develop better strategies
for building and maintaining a vibrant web-based community
for sharing HPV knowledge. For instance, health care providers
and health communicators may use social Q&A platforms to
develop campaigns to promote public awareness of HPV
vaccination, especially to leverage the influence of opinion
leaders on the platforms, as shown in the findings regarding
contributors in this study. Specifically, the findings on
characteristics of a contributor imply that male contributors are
advisable to be more involved in the discussions of topics that
are traditionally considered female-only topics, such as HPV
vaccination. Perhaps, instead of framing it as a woman’s issue,
practitioners might consider involving more men as HPV
vaccine spokespersons, educating the public that HPV infection
is not a woman’s issue but one that challenges both men and
women as the disease can be transmitted across genders [68].
Health behaviors of both genders play a crucial role in the health
of both men and women. As such, by engaging more men in
cervical cancer prevention campaigns, practitioners are better
able to erase the discrimination of females-only issues, increase
HPV vaccination rate, and work toward a wider, healthier
community in which both men and women are a part of.
In addition, social Q&A platform managers and developers can
enact relevant policies and/or adopt useful tools to encourage
comprehensive health content with high-quality images, such
as applying optimal image-uploading technologies or offering
extra incentives to informative answers. Furthermore, as implied
in our findings, important members with a large group of
followers (eg, opinion leaders or experts) on social media play
a crucial role in engaging a wider public to discuss HPV
vaccines. Therefore, social Q&A platform managers may
incentivize knowledge contributors at the platform level to
promote comprehensive, high-quality health content. For
instance, they can apply certain algorithms to award informative
answers with credits or privileges to encourage them to
consistently share validated and useful information about HPV
vaccines. General answer contributors should adapt different
content strategies for different question topics to attract attention
and feedback from other users. For instance, inserting more
pictures in an answer is useful for questions about personal
stories and experience, but it is not advised for questions about
HPV news discussion.
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Abstract
Background: Mental health concerns are a significant issue among community college students, who often have less access to
resources than traditional university college students. Mobile apps have the potential to increase access to mental health care, but
there has been little research investigating factors associated with mental health app use within the community college population.
Objective: This study aimed to understand facilitators of and barriers to mental health app use among community college
students.
Methods: A web-based survey was administered to a randomly selected sample of 500 community college students from April
16 to June 30, 2020. Structural equation modeling was used to test the relationships between the use of mental health apps,
perceived stress, perceived need to seek help for mental health concerns, perceived stigma, past use of professional mental health
services, privacy concerns, and social influence of other people in using mental health apps.
Results: Of the 500 participants, 106 (21.2%) reported use of mental health apps. Perceived stress, perceived need to seek help,
past use of professional services, and social influence were positively associated with mental health app use. Furthermore, the
effect of stress was mediated by a perceived need to seek help. Privacy concerns were negatively associated with mental health
app use. Stigma, age, and gender did not have a statistically significant effect.
Conclusions: These findings can inform development of new digital interventions and appropriate outreach strategies to engage
community college students in using mental health apps.
(J Med Internet Res 2021;23(9):e27745) doi:10.2196/27745
KEYWORDS
mHealth; mental health; community college; students; structural equation modeling; mobile apps; services; mental health services;
stress; privacy
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Introduction
Background
Mental health concerns are a significant issue among college
students [1,2], and the last decade has seen a rise in mental
health concerns among students [3]. Community college
students, in particular, face a growing crisis of mental health
concerns. A survey conducted by the Wisconsin HOPE Lab
found that almost 49.4% of respondents across 10 community
colleges in seven states reported mental health issues [4]. A
survey among 39,930 community college students found that
60% of respondents were housing insecure in the previous year,
and 19% of respondents had been homeless [5]. These basic
needs insecurities not only impact students’ performance at
school but also have been associated with poorer physical and
mental health [6,7].
College students can face multiple barriers to accessing support
and resources, and these barriers may be more pronounced for
students enrolled in community college. For example, the
community college population has a higher proportion of
students who are single parents and/or who are working jobs
while attending classes, and the students are more likely to come
from a lower socioeconomic background compared to university
students [8]. Whereas high workload and academic stress are
common issues raised among university students, financial or
housing stress may be more common among community college
students [9,10]. Furthermore, community college students have
less access to mental health services than university students,
and they may be in particular need of increased access to mental
health resources [9]. Students may also not recognize a need to
seek help, or they may feel uncomfortable discussing mental
health problems [11].
Given college students’ limited access to mental health
resources, studies have explored the use of technology-based
solutions, such as mobile apps [12-14]. Mobile apps for health
purposes are one of the fastest growing categories of apps, and
currently, more than 10,000 mental health apps are publicly
available [15]. Mental health apps may be particularly useful
for students: according to a Pew Research 2019 study on mobile
phone ownership, 85% of people attending college own a
smartphone, and 96% of people aged 18-29 years own a
smartphone [16]. Furthermore, students and young adults are
active users of the internet for seeking health information
[2,10,17,18].
To inform development and deployment of mental health apps
for community college students, an understanding of students’
mental health needs and current use of apps is necessary.
However, community college students are often
underrepresented in the discussion of student mental health
[8,9], and the mechanisms behind community college students’
use of mental health apps are not yet fully understood, despite
the fact that there are 11.8 million students enrolled in
community colleges in the United States [19]. There are
differences in university and community college environments
with regards to demographics, culture, and mental health issues
[9,10]. These differences between community college and
university student populations may affect students’ mental health
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needs and subsequent app use. To address this gap, this paper
aimed to address what factors are associated with community
college students’ use of mental health apps. Specifically, our
study focused on 6 factors that prior research has found to affect
use of mental health resources: perceived need to seek help for
mental health concerns, perceived stigma, past use of
professional mental health services, privacy concerns, and social
influence of other people in using mental health apps.

Mental Health App Interest and Use Among Students
With the growing development and ubiquity of mental health
apps, research has been performed on both interest in and use
of these apps among students. Kern et al [20] conducted a needs
assessment among 741 university students about their attitude
toward mental health apps. The researchers found that there is
interest in mental health apps among students, especially among
students who had received professional mental health services
in the past 12 months. The primary reasons for interest in mental
health apps were confidentiality, convenience, and immediate
availability. However, despite interest, actual use was limited,
highlighting the importance to understand what factors are
associated with adoption and app use.

Perceived Stress
Experiencing stress can be a starting point for students to adopt
mental health apps. Perceived stress has been linked with interest
in, and acceptance of, stress management apps [21,22]. This
link indicates that people with an actual need for support are
more likely to accept and use mental health interventions.

Help-Seeking Behavior Among Students
For a person to use a health intervention, there must be a
motivation and willingness to use it [23]. The Health Belief
Model [23] explains the adoption of health interventions through
several constructs related to an individual’s beliefs about their
condition. It argues that a person’s belief in the severity of their
illness or health symptoms, and the perceived benefits of seeking
treatment for these symptoms, affect their adoption of health
interventions. These constructs suggest that the mere presence
of symptoms is insufficient: the individual also has to believe
that there is benefit in seeking help for these symptoms.

Stigma
Previous studies found that a common barrier among young
people and students in seeking traditional mental health
resources is stigma associated with mental health [11,24]. A
survey study with university students found that, despite overall
poor mental well-being across the study sample, there was only
a weak relationship between mental well-being and use of
mental health resources, and this relationship was mediated by
stigma [25]. In other words, if students are in need of help but
experience a high level of stigma, that stigma may still prevent
them from seeking resources such as apps.
It is argued that services delivered through technology can
overcome the barrier of stigma because people can use the
technology privately, and other people do not have to know
they are seeking help [20]. However, it has not been evaluated
if and how perceived stigma is associated with use of apps and
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how it may mediate the relationship between stress and mental
health app use.

Past Use of Professional Services
Past use of mental health services has also been associated with
app use. A person’s prior use of mental health services can
increase their interest in using mental health technologies [20].
A positive experience with these services can increase the
likelihood that people will be open to trying a digital
intervention [26-28].

Privacy
An important aspect of mental health apps among university
students is confidentiality. Students in some studies thought
that mental health apps can facilitate confidentiality [20], and
they did not think that privacy would be an issue as long as their
data were anonymous [29]. University students in a focus group
study, however, expressed concerns that their data would leak
and that people such as their lecturers or tutors could access
their data [14]. It is therefore expected that privacy concerns
can be a challenge or barrier to mental health apps and will
negatively affect app use.

Social Influence
Expectations and beliefs about mental health apps by other
people close to the user, such as family, friends, or health
providers, may also play a role in mental health app use. The
Technology Acceptance Model (TAM) [30] includes the
importance placed on other people’s opinions, labelled social
influence, as a predictor of technology adoption. Including social
influence as a component of technology adoption is based on
the theory of reasoned action (TRA), in which user actions are
a result of the user’s perception that significant others expect
them to conduct these actions [31].
In general, although previous studies have identified what
students perceive to be important aspects of mental health apps,
it is less understood how these aspects are associated with use.
Moreover, most studies included university students, but
community college students can experience different mental
health issues and barriers to accessing resources, which can
affect app use.
Our study aimed to understand how perceived stress, perceived
need to seek help, perceived stigma, past use of professional
mental health services, privacy concerns, and social influence
are associated with mental health app use among community
college students. Our findings can be used to guide development
and selection of digital mental health interventions that address
community college students’ needs, and they can inform
effective outreach and engagement strategies to engage
community college students with these interventions.

Hypotheses
Based on prior studies, the hypotheses of the study are:
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1.
2.
3.
4.
5.
6.

Perceived stress is positively associated with students’ use
of mental health apps.
The association of perceived stress and use of mental health
apps is mediated by a perceived need for help.
The association of perceived stress and use of mental health
apps is mediated by perceived stigma.
Past use of professional mental health services is positively
associated with students’ use of mental health apps.
Privacy concerns are negatively associated with mental
health app use.
Social influence is positively associated with students’ use
of mental health apps.

Methods
Study Design
A random sample of 5000 students at a community college in
California were selected to participate in this study. To obtain
a sample that was balanced for gender and race, sampling was
in proportion to the demographics (gender/race) of California
community colleges [32]. The demographics for California
community colleges are as follows: 26% identify as White, 45%
as Hispanic/Latinx, 12% as Asian, and 6% as African American.
Approximately half of community college students (54%)
identify as female.
Students’ email addresses were obtained through the College’s
registrar’s office. These addresses were provided to a staff
member at the College, who distributed the invitational emails.
The web-based survey took 20-30 minutes to complete.
Participants received a US $10 gift card for completing the
survey.

Participants
The email was received by 4985 students (15 emails bounced
back). A total of 574 participants started the survey, resulting
in a response rate of 11.5% (574/4985). A total of 500
participants completed the survey. The survey participants had
a mean age of 23.8 years (SD 8.0), and 314/500 (62.8%)
identified as female. Of the 500 students, 137 (27.4%) identified
as White, 119 (23.8%) identified as Hispanic/Latinx, 66 (13.2%)
identified as Asian, and 32 (6.4%) identified as African
American. With the exception of the proportion of
Hispanic/Latinx participants, our study sample broadly matches
the breakdown of demographics for California community
colleges.
Most reported their primary language as English (310/500,
62%), while 27% (135/500) reported Spanish as their primary
language; the survey was only available in English. Of the 500
participants, 87 (17.4%) had an annual household income of
less than US $10,000. The majority of participants (402/500,
80.4%) had health insurance, but only 23.9% (96/402) of those
with insurance were sure that their plan provided coverage for
mental health services. Further demographic characteristics are
shown in Table 1.
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Table 1. Demographics of the study participants (N=500).
Demographics

Valuea

Age (years), mean (SD)

23.8 (8)

b

Gender , n (%)
Male

171 (34.2)

Female

314 (62.8)
c

Sexual orientation , n (%)
Heterosexual or straight

391 (78.2)

Bisexual

39 (7.8)

Questioning or unsure of sexual orientation

18 (3.6)

Enrollment status, n (%)
Full-time

306 (61.2)

Part-time

167 (33.4)

Time of classes, n (%)
Daytime

377 (75.4)

Evening

83 (16.6)

Employment status, n (%)
Unemployed

213 (42.6)

Part-time

158 (31.6)

Full-time

63 (12.6)

Retired

5 (1)

Race, n (%)
White

137 (27.4)

Hispanic/Latino/a/x

119 (23.8)

Asian

66 (13.2)

More than one race

44 (8.8)

Black or African American

32 (6.4)

American Indian or Alaska Native

3 (0.6)

Native Hawaiian or other Pacific Islander

3 (0.6)

Ethnicity, n (%)
Mexican/Mexican-American/Chicano

183 (36.6)

More than one ethnicity

55 (11)

Asian

52 (10.4)

European

46 (9.2)

Central American

37 (7.4)

African

18 (3.6)

Middle Eastern

13 (2.6)

South American

12 (2.4)

Eastern European

10 (2)

Primary language, n (%)
English

310 (62)

Spanish

135 (27)

Vietnamese

7 (1.4)
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Demographics

Valuea

Arabic

6 (1.2)

Mandarin

4 (0.8)

Russian

3 (0.6)

Marital status, n (%)
Single

289 (57.8)

In a committed relationship

146 (29.2)

Married

35 (7)

Divorced or separated

9 (1.8)

Children, n (%)
Yes

69 (13.8)

No

416 (83.2)

Living situation, n (%)
Live with family

389 (77.8)

Live with spouse or partner

45 (9)

Live alone

18 (3.6)

Live with roommate(s)

14 (2.8)

Live with children

10 (2)

Homeless, n (%)
Yes

12 (2.4)

No

472 (94.4)

Household income (US $), n (%)
<10,000

87 (17.4)

10,0000-29,999

131 (26.2)

30,000-49,999

59 (11.8)

50,000-89,999

52 (10.4)

90,000 or above

49 (9.8)

Disability
Yes

47 (9.4)

No

426 (85.2)

Veteran
Yes

8 (1.6)

No

480 (96)

Health insurance

a

Yes

402 (80.4)

No

61 (12.2)

Not all respondents answered each question; hence, some percentages do not sum to 100%.

b

Multiple genders were included as options on the survey; however, participants reported their genders as only male or female.

c

Other sexual orientations were included as options on the survey; however, the results in the table reflect the participants’ responses.

Measures
The complete survey instrument is included in Multimedia
Appendix 1.
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about using mental health apps, and what they would like to do
using mental health apps. For each of these questions, they were
instructed to “select all that apply” from a list of options and/or
give an answer in their own words. The list of barrier options
was taken from the Healthy Minds Study, an annual web-based
survey assessing mental health and service use among students
[3].

COVID-19
Survey responses were collected between April 16 and June 30,
2020, during the COVID-19 pandemic. Participants were asked
questions related to whether and how COVID-19 had impacted
their lives, to gauge changes resulting from the pandemic. These
results were not used in the analysis but are reported here to
characterize the impact of COVID-19 on the participants. Of
the 500 students, 107 (21.4%) knew someone who had been
diagnosed with COVID-19. Of these 107 participants, 77
(72.0%) reported that the person diagnosed was a friend or
acquaintance; for 37 (34.6%) it was a family member; for 11
(10.3%) it was a colleague; and 4 (3.7%) said they had been
diagnosed themselves.

Mental Health
A single dichotomous (yes or no) item asked participants
whether they were currently experiencing or had ever
experienced a mental illness. In the survey, it was explained
that while the term mental illness was used, there are many
different terms that can be used, such as mental health problem,
emotional distress, psychological disorder, and mental challenge.

Mental Health App Use
A single question was used to identify whether participants had
used mental health apps. In this study, a mental health app was
defined as “an application on your mobile phone or tablet device
that helps you manage your mental, emotional, or psychological
health or get access to resources to support your mental,
emotional, or psychological health.” Participants could respond
by indicating whether they had used apps in the past, were
currently using apps, had never used apps but would be
interested in doing so, or had never used apps and were not
interested in doing so. In this paper, those who had used or were
currently using mental health apps were defined as users, and
those who had never used mental health apps were defined as
nonusers.

Past Use of Professional Mental Health Services
Two dichotomous (yes or no) response items from the California
Health Interview Survey [33] were used to identify whether
participants had sought help from their general practitioner or
another professional, such as a counselor, for mental health
concerns in the past 12 months.

Perceived Stress
The 7-item version of the College Student Stress Scale [34] was
used to assess perceived stress. A higher score on this scale
indicates a higher level of stress. The validity and reliability of
this scale have been validated with college students (α=.87)
[34].
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Perceived Need to Seek Help
A dichotomous (yes or no) response item from the California
Health Interview Survey [33] was used to identify whether
participants felt they may have needed to see a professional
because of problems with their mental health in the past 12
months.

Mental Health Concerns
Participants who answered they felt a need to see a professional
in the past 12 months were asked to select what mental health
concerns, if any, they experienced in these past 12 months.
Participants could give an answer in their own words and/or
select all options that applied from a list. Examples of mental
health concerns were stress, depression, anxiety, loneliness, and
concerns related to interpersonal relationships.

Perceived Stigma
The Perceived Stigma subscale of the Depression Stigma Scale
[35] was used to assess the perceived stigma participants
experience toward mental health. There are multiple types of
stigma, and we chose to include this particular type because it
can be measured for all participants, regardless of whether they
have experienced a mental illness. Participants were asked to
rate 9 statements related to perceived stigma (eg, “Most people
believe that people with a mental illness could snap out of it if
they wanted”), using a Likert scale from 1, strongly disagree,
to 4, strongly agree. A higher score indicates greater perceived
stigma. Internal consistency of reliability of the Perceived
Stigma scale has been validated in prior work (Cronbach α=.82)
[35].

Social Influence
Social influence was measured using three statements (eg,
“People who are important to me think I should use mental
health apps”) based on the Unified Theory of Acceptance and
Use of Technology (UTAUT) questionnaire [36], which is used
to evaluate people’s technology acceptance and adoption.
Participants were asked to rate these statements using a Likert
scale from 1, strongly disagree, to 5, strongly agree. A higher
score indicates greater importance placed on other people’s
expectations.

Privacy Concerns
Privacy concerns were measured using 6 statements (eg, “I feel
that as a result of my using mental health apps, others know
more about me than I am comfortable with”) based on the Scale
on Mobile Users’ Information Privacy Concerns [37]. The
original items were adapted to refer to mental health apps
specifically (eg, an original item was “I feel that as a result of
my using mobile apps, others know more about me than I am
comfortable with”). Participants were asked to rate these
statements using a Likert scale from 1, strongly disagree, to 5,
strongly agree. A higher score indicates greater concerns. The
items were worded slightly differently for participants who
answered they had not used mental health apps compared to
participants who had used such apps (eg, “I feel that if I were
to use mental health apps, others know more about me than I
am comfortable with” vs “I feel that as a result of my using
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mental health apps, others know more about me than I am
comfortable with”).

Factor Analysis and Checking for Multicollinearity
The structural model included two latent variables: privacy and
social influence. These were included as latent variables because
there were multiple survey items related to the concepts of
privacy and social influence, and these were adapted from
validated scales to refer to mental health apps specifically. Use
of the total score of these adapted versions has not been tested
in prior work. Combining the related items into a latent variable,
rather than treating them as separate variables, reduces the
dimensionality of the data.
The variables of perceived stress and perceived stigma were
included in the structural model as observed variables. The
reliability of using the total score of these scales been tested
and validated in prior work, and they have each been used as
one aggregated continuous score in previous models [38].
Aggregating these scales as observed variables, rather than latent
variables, was therefore deemed appropriate, and this approach
makes it easier to interpret the data.
The latent variables were first assessed using confirmatory factor
analysis. Two indices were used to assess the fit of the
measurement models: the comparative fit index (CFI) and
Tucker-Lewis index (TLI) (the threshold value of acceptable
model fit for the CFI and TLI is at least 0.90; see [39]).
Maximum likelihood was used as an estimator.
Privacy was measured in the survey with 6 questions (see
Multimedia Appendix 1). A test of the fit of an initial model
including all 6 privacy questions showed incremental fit indices
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that were below the acceptable threshold of 0.90 (χ221=326.712,
CFI=0.85, TLI=0.75). A correlation matrix (see Table 2)
identified two groups of correlated items, with intercorrelation
values >0.7. The privacy construct was therefore split into two
separate privacy constructs: one construct related to information
being visible by others (Privacy Construct 1) and one construct
related to how information is used (Privacy Construct 2). Two
measurement models, one with the first 3 privacy questions and
one with the remaining 3 privacy questions, did show an
acceptable model fit (χ26=162.443, CFI=1.0, TLI=1.0, and
χ26=147.822, CFI=1.0, TLI=1.0, respectively). The Cronbach
α values for the two scales were .91, indicating good internal
consistency.
The social influence construct comprised 3 questions (see
Multimedia Appendix 1). Confirmatory factor analysis for the
social influence construct also showed an acceptable model fit
(χ26=1155.902, CFI=1.0, TLI=1.0). The Cronbach α value for
the scale was .95, showing good internal consistency. The
questions were therefore deemed suitable to combine into a
latent variable for the structural model.
Before the structural model was tested, the variance inflation
factors of the model variables were assessed to detect potential
multicollinearity. The variance inflation factors of the variables
were all under 1.3, indicating no problematic multicollinearity.
The correlation matrix of the variables is displayed in Table 3.
The correlation values further show that there were no strong
correlations (correlation values exceeding 0.70, see [40]) among
the constructs.

Table 2. The correlation matrix of privacy items showing two correlated groups of items (Group 1, consisting of items 1, 2 and 3, and Group 2, consisting
of items 4, 5, and 6).
Privacy_1

Privacy_2

Privacy_3

Privacy_4

Privacy_5

Privacy_1

1

Privacy_2

0.70

1

Privacy_3

0.73

0.74

1

Privacy_4

0.44

0.56

0.61

1

Privacy_5

0.47

0.56

0.61

0.86

1

Privacy_6

0.43

0.56

0.62

0.87

0.88
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Table 3. Correlation matrix of model variables showing no strong correlations between variables.
Perceived Perceived Past use of professtress
need to
sional mental
seek hep health services
Perceived stress

1

Perceived need to seek help

0.40

Stigma

Social influence

Privacy
Privacy
Age
Construct 1 Construct 2

1

Past use of professional men- 0.06
tal health services

0.33

1

Stigma

0.23

0.20

0.11

1

Social influence

0.08

0.24

0.09

0.08

1

Privacy Construct 1

0.17

0.09

0.01

0.21

0.20

1

Privacy Construct 2

0.17

0.12

–0.01

0.16

0.06

0.64

1

Age

–0.07

–0.09

–0.03

0.01

–0.05

0.00

0.05

1

Gender

0.21

0.28

0.11

0.10

0.12

0.05

0.07

0.03

Analysis
The dependent variable of the model was the participants’
mental health app use as a dichotomous (yes or no) variable.
The independent variables were perceived stress, perceived
need to seek help (shortened in the Results section as perceived
need), past use of professional mental health services (shortened
in the Results section as past use of services), perceived stigma,
social influence, and privacy concerns. Age and gender were
added as covariables.
To address Hypotheses 1, 4, 5, and 6, the model tests the effects
of stress, past use of services, privacy concerns, and social
influence on app use. To address Hypotheses 3 and 4, the model
tests whether the effect of stress on app use is mediated by
perceived need and perceived stigma.
The relationships between measured variables were tested using
structural equation modeling (SEM). SEM was used because it
allows the flexibility to include privacy concerns and social
influence, which were composed of a subselection and/or
adapted items from validated scales as unobservable latent
variables, and it allows testing for mediation effects of perceived
need and perceived stigma [41]. Latent variables are unobserved
constructs that are measured by a number of observed variables
(ie, items).
Two indices were used to assess the fit of the structural model:
the standardized root mean square residual (SRMR) and root
mean square error of approximation (RMSEA) (a SRMR value
of <0.08 or an RMSEA value of <0.06 indicates that the model
fits the data well; see [39]). Maximum likelihood was used as
estimator for the structural equation models. Bootstrapping was
used to examine the significance of indirect mediating effects
[42]. We used bias-corrected bootstrapping with 1000 samples.
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Gender

1

We compared the fit of the full mediation model, which tests
for mediation effects of perceived need and perceived stigma,
with a direct effect model. The direct effect model tested the
direct effects of the independent variables on the dependent
variable without considering mediating effects.
In this study, the focus was on testing the mediating effect of
stigma on app use. It is imaginable that stigma is related to other
independent variables—for example, stigma may be related to
higher privacy concerns, or a high level of stigma may be
negatively related to past use of services. To understand these
interrelationships, intercorrelations among independent variables
were determined before the structural model was tested.
Full maximum likelihood was used to impute missing data on
scales (ie, perceived stress, perceived stigma, social influence,
and privacy concerns). Participants with missing data on
dichotomous model variables (ie, perceived need and past use
of services) were excluded from the model. The software
environment R (R Foundation for Statistical Computing) was
used for statistical analysis, and the R package lavaan was used
for the structural equation models, bootstrapping, and
confirmatory factor analysis [43].

Results
Demographic Information
Of the 500 participants, 189 (37.8%) reported that they had
experienced a mental illness; 219 (43.8%) of participants
reported mental health concerns related to stress. Over half of
the participants (262/500, 52.4%) had a stigma score of 21 or
higher, suggesting moderate to severe perceived stigma. Of the
500 participants, 106 (21.2%) had used a mental health app.
Other descriptive statistics are summarized in Table 4.
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Table 4. Overview of responses to survey items (N=500).
Variable

Value

Technology ownership, n (%)
Smartphone

443 (88.6)

Desktop or laptop computer

463 (92.6)

Tablet

138 (27.6)

Mobile/cell phone but not a smartphone

32 (6.4)

Technology use, n (%)
Access to Wi-Fi

448 (89.6)

Access to a mobile data plan

440 (88)

Use of internet constantly or many times per day

452 (90.4)

Mental health app use, n (%)
Current user

34 (6.8)

Past user

72 (14.4)

Nonuser, interested in using apps

199 (39.8)

Nonuser, not interested in using apps

180 (36)

Mental illness (self-reported), n (%)
Yes

189 (37.8)

No

260 (52)

Prefer not to answer

51 (10.2)

Most common mental health concerns, n (%)
Stress

219 (43.8)

Anxiety

207 (41.4)

Depression

172 (34.4)

Use of professional services in the past 12 months, n (%)
Yes

115 (23)

No

374 (74.8)

Perceived need to seek help, n (%)
Yes

221 (44.2)

No

221 (44.2)

Prefer not to answer

21 (4.2)

Most common barriers to accessing mental health resources, n (%)
I prefer to deal with issues on my own

260 (52)

Financial reasons (eg, too expensive)

141 (28.2)

I am concerned about privacy

129 (25.8)

I question how serious my needs are

126 (25.2)

I worry what other people will think of me

116 (23.2)

Most important aspects of using mental health apps, n (%)
The app is free

429 (85.8)

Personal information will be kept private

397 (79.4)

No negative effect on device (eg, drain phone battery)

264 (52.8)

Parts of the app can be used offline

256 (51.2)

People on the app have similar mental health experiences to mine

228 (45.6)

Most common activities participants would like to do using mental health apps
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Variable

a

Value

Work through negative emotions and thoughts

329 (65.8)

Identify or recognize symptoms

290 (58)

Talk with other people to get/give support

244 (48.8)

Track symptoms

239 (47.8)

Distract myself from negative thoughts or emotions

228 (45.6)

Stress score, mean (SD)

21.9 (5.3)a

Stigma score, mean (SD)

22.4 (6.2)b

Privacy score, mean (SD)

17.8 (7.6)c

Social influence score, mean (SD)

6.6 (3.4)d

The score could range from 7 to 35.

b

The score could range from 4 to 36.

c

The score could range from 6 to 30.

d

The score could range from 3 to 15.

Barriers to Mental Health Resources, Important
Aspects about Mental Health Apps, and Activities
People Would Like to Do With Mental Health Apps
The community college studied provided some mental health
resources, such as counseling and workshops on stress
management. The most common barrier to accessing mental
health resources was that participants preferred to deal with
issues on their own (260/500, 52%). Other barriers were
concerns about privacy (129/500, 25.8%), questioning how
serious their needs were (126/500, 25.2%), and worries about
what other people will think of them (116/500, 23.2%). The
most important aspect, which was selected by 429 of the 500
participants (85.8%), was that the app was free. Other important
aspects were that personal information would be kept private
(397/500, 79.4%) and that people on the app had similar mental
health experiences to theirs (228/500, 45.6%). In terms of what
respondents would like to do with mental health resources, the
most common answers were work through negative emotions

https://www.jmir.org/2021/9/e27745

XSL• FO
RenderX

and thoughts (329/500, 65.8%), identify or recognize symptoms
(290/500, 58%), and talk with others to get or give support
(244/500, 48.8%).

Models to Understand Factors Associated with Mental
Health App Use
Not all participants answered each survey question. After
imputing missing values on continuous scale variables and
excluding participants with missing data on dichotomous model
variables (ie, perceived need and past use of services), the
structural equation model included a subsample of 449
participants.

Direct Effect Model
The standardized path coefficients of the direct effect model
are shown in Figure 1. The model fit indices were χ287=222.803,
SRMR=0.089, and RMSEA=0.068. The adjusted R2 value of
the model was 0.213.
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Figure 1. Direct effect model showing the path coefficients and levels of significance for relationships among variables. *Relationship is significant
at P<.05; **relationship is significant at P<.01; n=449.

Full Mediation Model
The standardized path coefficients of the full mediation model
are shown in Figure 2. The model fit indices showed an
acceptable model fit: χ289=72.804, SRMR=0.051, and
RMSEA=0.076. The adjusted R2 value of the model was 0.326.
Table 5 compares the fit indices of the direct effect model and
full mediation model, and the data indicate that the full
mediation model had the best fit.
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The model showed that past use of services, such as a counselor,
was significantly associated with mental health app use.
Perceived stigma had no effect on mental health app use. Some
privacy concerns (ie, Privacy Construct 1) were associated with
a lower likelihood of mental health app use. Social influence,
measured by the importance participants placed on other
people’s opinions on mental health app use, was associated with
higher mental health app use. The effects of gender and age
were nonsignificant.
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Figure 2. Full mediation model showing the path coefficients and levels of significance for relationships among variables. *Relationship is significant
at P<.05; **relationship is significant at P<.01; n=449.

Table 5. Fit indices of the direct effects model and full mediation model.
Statistic

Direct effects model

Full mediation model

Chi square (df)

222.803 (87)

72.804 (89)

0.089

0.051

RMSEAb

0.068

0.076

R2

.213

.326

SRMR

a

a

SRMR: standardized root mean square residual.

b

RMSEA: root mean square error of approximation.

The effect of perceived stress on the likelihood of mental health
app use was mediated via perceived need. As Figure 2 illustrates,
the regression coefficient between perceived stress and perceived
need and the regression coefficient between perceived need and
mental health app use were significant. The indirect effect was
(0.034)*(0.114)=0.004. We used bootstrapping to test the
significance of this indirect effect. Perceived need significantly
mediated the effect of perceived stress on mental health app use
(B=0.004, 95% CI 0.001 to 0.007; P=.01). There was no
significant mediating effect of perceived stigma on the effect
of perceived stress (B=0.001, 95% CI –0.002 to 0.011; P=.47).

Discussion
Principal Findings
The aim of this paper was to identify factors associated with
mental health app use among community college students. The
results revealed that participants’ use of mental health apps was
associated with 5 factors: perceived stress, perceived need to
seek help for mental health concerns, past use of professional
mental health services, social influence of other people, and
privacy concerns. Furthermore, the effect of stress was mediated
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by a perceived need to seek help. These findings support
Hypotheses 1, 2, 4, and 6. Hypothesis 5 is partly supported, as
only specific types of privacy concerns were negatively
associated with app use. Hypothesis 3, which stated that the
association of perceived stress and app use would be mediated
by perceived stigma, was not supported by the results.

Perceived Stress
Stress was listed as the most common mental health concern
among participants (approximately 44% of participants
experienced stress), and the results of the study indicate that
the level of perceived stress predicted mental health app use.
This means that the more stress people experienced, the more
likely they were to have used apps. App use could therefore
have been motivated by a student’s own perceived benefit of
the apps in terms of their ability to reduce stress. Previous work
has indicated a link between self-reported stress and interest in
using a stress management app [21], as well as a link between
perceived stress and a preference for technology over
face-to-face mental health services [44]. Apolinário-Hagen et
al [44] argue that people with stressful lives may find it easier
to fit the use of a technology into their life than an in-person
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appointment, although further work is needed to test this
assumption.

Perceived Need to Seek Help
The results confirmed an association between a perceived need
to seek help and app use, which extends previous work by
showing that perceived need is not only a predictor of
help-seeking through nondigital channels [3,23] but is also an
important driver in using digital health interventions. The
association indicates that students are more likely to have used
mental health apps if they felt a need to seek help for concerns
related to their mental health. In the current study, the effect of
stress was mediated by a perceived need to seek help, which
means that the effect of stress on mental health app use is even
stronger if people not only experience stress, but also have a
perceived need to seek help for issues related to mental health.

Past Use of Professional Mental Health Services
Of the participants in our study, 23% had used professional
mental health services in the past 12 months, which is broadly
proportionate to the general community college population: a
recent study analyzing survey data from 23 community colleges
between 2016 and 2019 found that 30% of community college
students had used therapy in the past year [45]. The community
college studied also provided some on-campus mental health
resources, such as counseling. Although the level of on-campus
mental health support can vary per college, 73% of community
colleges provide mental health counseling services on campus
[46]. However, a previous study found that only a small
percentage (5.4%) of community college students that seek help
do so on campus [45]. This suggests that although offering
resources is essential, it is imperative to understand potential
barriers in accessing these resources. For example, campus
counseling services often cannot keep up with the demand,
which can cause students to feel undersupported [47,48].
In our study, past use of services was positively associated with
mental health app use. For students that are already familiar
with seeking help through nondigital channels, it may be less
of a step to seek out help through a mental health app. However,
it will likely matter how they experienced using mental health
services, as people with a positive experience are generally more
open to trying new mental health technologies [26-28], but
people with a negative experience are less interested in mental
health technology [49-51]. Future research should clarify the
association between past use of professional mental health
services and subsequent app use by assessing the quality of the
previous experience with in-person services.

Social Influence
The social influence construct was positively associated with
mental health app use, which implies that if people close to the
participants thought they should use mental health apps, they
were more likely to use such apps. Technology use that is
influenced by other people’s expectations of using it can create
a sense of belonging [52]. Furthermore, people’s expectations
could have been interpreted as them viewing the app as useful,
as people are persuaded by messages from people close to them
[35].

https://www.jmir.org/2021/9/e27745

XSL• FO
RenderX

Borghouts et al
The effect of social influence in our model is in line with
previous studies on mental health technologies, where
engagement with a digital mental health program was facilitated
by whether it was endorsed by friends and family [53] or the
user’s current health care provider [54]. A survey among 102
university students and nonstudents found that one of the main
reasons that participants used mental health technologies was
that someone they knew recommended their use [55].
However, people can be deterred from using mental health
technologies if they feel forced to use it by others, for example,
if they feel pressure to use certain technologies from their health
care provider [56]. It is therefore important that social influence
happens organically through endorsement and recommendations
rather than being prescribed top-down. Furthermore, a previous
study that used a structural equation model to explain use of
physical health apps found that social influence contributes to
a decision to initially use an app but not to the intention to
continue to use an app [57].

Privacy
In our study, privacy played an important role in mental health
app use, as supported by both the model and by privacy concerns
being one of the most important aspects of and barriers to app
use. Privacy of information is known to be an important aspect
for students, with concerns about confidentiality of information
[20] and data being leaked beyond the app [14]. A recent study
reviewing 116 publicly available mobile apps for depression
found that only a minority of these apps had a privacy policy
and that most privacy policies were not transparent about how
user data were collected, stored, and used [58]. A previous
literature review of user engagement with mental health apps
theorized that one reason for low user engagement with mental
health apps is that many apps do not consider user privacy [59].
However, interestingly, only some aspects of privacy were
significantly associated with app use in our model. Concerns
related to personal information being potentially accessible by
others was negatively associated with app use, meaning that
people who had concerns about this aspect were less likely to
use apps.
Privacy concerns about how personal information was
subsequently used did not have an effect on app use. Privacy
as a construct may be composed of different aspects that can
impact mental health app use differently, which would be
worthwhile to explore and refine further in future studies.

Stigma
Consistent with a previous study among college students [3],
the most common barrier to accessing mental health resources
was that students preferred to deal with issues on their own,
which may reflect stigma surrounding seeking help. Although
over half of the participants had moderate to severe perceived
stigma, this was not associated with mental health app use.
Furthermore, our study did not find that the effect of stress on
app use was mediated by stigma.
These findings suggest that whereas stigma can form a barrier
to mental health help seeking in general [11,25], it may not bar
people from using mental health apps in particular. In a previous
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study, participants who preferred digital over face-to-face mental
health services even had higher levels of stigma [60]. When
given the choice between digital and in-person services, digital
resources may be a less stigmatizing option, although the current
study did not provide support that a high level of stigma is
necessarily associated with app use. Furthermore, our model
included perceived stigma; however, stigma is multifaceted,
and there are multiple other types of mental health stigma, such
as internalized stigma and experienced stigma [61], that may
affect use of mental health resources.

Barriers to Using Mental Health Resources and
Important Aspects of Mental Health Apps
Previous studies have highlighted potential differences in mental
health concerns and needs among university and community
college students. For example, whereas high workload and
academic stress is a common issue raised among university
students, financial or housing stress may be more common
among community college students [9,10]. A previous study
found that some community college students are uninsured and
use web-based health information to avoid medical costs [10].
Our results show that the most important aspect of a mental
health app was that it was free (85.8% of participants listed this
as an important aspect). Furthermore, though the majority of
participants (80.4%) had health insurance, only 24% were sure
that their plan provided coverage for mental health services. It
is thus important to address costs when considering mental
health apps for community colleges.
Previous focus group studies have found differences in how
technology is used, or would be used, by university and
community college students for supporting their health. Whereas
university students primarily use digital health resources in a
preventive manner to recognize onset of symptoms [14],
community college students tend to use digital health resources
in a reactive manner when they are already experiencing
symptoms [10]. Although these prior studies used small sample
sizes and caution should be used in generalizing findings, they
show there are different ways in which technologies may be
used by different types of students. In our study, two-thirds of
participants wanted to use mental health resources to work
through negative emotions and thoughts, which further suggests
a need for help with symptoms they are already experiencing.

Implications
Previous work has shown that despite interest in mental health
apps among students, use of these apps can be limited [20]. Our
findings identify several factors associated with mental health
app use among community college students. The results of this
study can inform outreach and implementation of digital mental
health resources on campuses. Below, we outline several
implications that may be important to consider when
implementing digital mental health resources for a community
college student population.

Consider Factors That May Influence Engagement With
Tools
Concerns about privacy were negatively associated with app
use, and common barriers to accessing resources were related
to costs and to students’ preference to deal with issues on their
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own. These barriers should be considered when offering digital
resources to students. It is important to be transparent to students
who will have access to their information. Furthermore, it is
important to consider costs and, if possible, offer resources that
are either low-cost or free to students. In addition, marketing
mental health apps as self-guided tools that students can use to
deal with issues on their own, rather than as a help-seeking
service, may further facilitate use of mental health apps.

Mental Health Needs of Community College Students
It is important to think through specific preferences for accessing
and integrating mental health support. Students who experienced
stress, recognized a need to seek help, and had sought out help
in the past were more likely to have used mental health apps.
Counseling services can promote use of mental health apps
among students already seeking help. A strength of technology
is its availability [44] and the ability to access it anytime.
Counselors can endorse particular apps to students so they can
continue to have access to resources in addition to and after
finishing counseling.

Endorsement and Use by Others May Help Mental
Health App Adoption
For students who do not actively seek out help, it may not be
sufficient to promote an app top-down through formal mental
health services, although social influence of other people was
positively associated with mental health app use. If other people
have positive views about apps or personal experience with
them, their endorsement may encourage other students to try
an app. For outreach of apps, social platforms can be used to
introduce apps, as seeing others sharing their experience and
promoting an app may increase interest among students. In
addition, the use of apps may be introduced and piloted in
classrooms or other group settings, as the effect of social
influence is strengthened if a technology is used in public rather
than in private [62], and use by others may motivate students
to use an app.

Limitations and Future Work
This study has a number of limitations. First, the sample came
from one community college, so caution must be taken in
generalizing the results. We expect our findings to generalize
to college student populations with similar demographics.
Second, the results were collected during the COVID-19
pandemic and 1 month after the stay-at-home order took effect.
Although we do not expect these circumstances to have
influenced the relationships between stress and app use, it may
have increased mental health concerns and increased interest
in mental health apps. Given the cross-sectional nature of the
survey, we do not have data available on changes in stress before
and during the pandemic. Additionally, we focused on
presenting and discussing a specific model to test the effects of
6 factors on mental health app use. There may be other
mechanisms affecting app use, such as past experience with
technology, which merit further exploration. To assess the
factors of mental health app use and perceived need to seek
help, single-item validated questions from prior work were used.
Using short single item measures helps reduce participant burden
of answering a long survey; however, it narrows the distribution
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of such variables. Lastly, the response rate was 12%; although
this is a typical response rate for web-based surveys among
student populations [2,5,20], there is potential for response bias,
and there may be differences between nonresponders and
responders. For example, although not all participants reported
their race or ethnicity, the proportion of Hispanic/Latinx
participants in our study sample was lower than that in the
California community college population. Although classes at
this community college are only taught in English, the English
language questionnaire could have been a barrier to
participation.

Borghouts et al

Conclusions
This study focused on community college students and found
5 factors associated with mental health app use. Perceived stress,
perceived need to seek help, and past use of professional services
were positively associated with mental health app use. The more
participants agreed that people in their social environment
thought they should use apps, the more likely they were to use
apps. Some privacy concerns were negatively associated with
mental health app use. In addition, financial costs are an
important aspect to consider for using mental health apps. The
results can inform the selection and appropriate dissemination
of mental health apps to meet college student needs.
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Abstract
Background: Digital mental health interventions stand to play a critical role in managing the mental health impact of the
COVID-19 pandemic. Thus, enhancing their uptake is a key priority. General practitioners (GPs) are well positioned to facilitate
access to digital interventions, but tools that assist GPs in identifying suitable patients are lacking.
Objective: This study aims to evaluate the suitability of a web-based mental health screening and treatment recommendation
tool (StepCare) for improving the identification of anxiety and depression in general practice and, subsequently, uptake of digital
mental health interventions.
Methods: StepCare screens patients for symptoms of depression (9-item Patient Health Questionnaire) and anxiety (7-item
Generalized Anxiety Disorder scale) in the GP waiting room. It provides GPs with stepped treatment recommendations that
include digital mental health interventions for patients with mild to moderate symptoms. Patients (N=5138) from 85 general
practices across Australia were invited to participate in screening.
Results: Screening identified depressive or anxious symptoms in 43.09% (1428/3314) of patients (one-quarter were previously
unidentified or untreated). The majority (300/335, 89.6%) of previously unidentified or untreated patients had mild to moderate
symptoms and were candidates for digital mental health interventions. Although less than half were prescribed a digital intervention
by their GP, when a digital intervention was prescribed, more than two-thirds of patients reported using it.
Conclusions: Implementing web-based mental health screening in general practices can provide important opportunities for
GPs to improve the identification of symptoms of mental illness and increase patient access to digital mental health interventions.
Although GPs prescribed digital interventions less frequently than in-person psychotherapy or medication, the promising rates
of uptake by GP-referred patients suggest that GPs can play a critical role in championing digital interventions and maximizing
the associated benefits.
(J Med Internet Res 2021;23(9):e28369) doi:10.2196/28369
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Introduction
Background
Anxiety and depression are leading causes of disability
worldwide, and in the wake of the COVID-19 pandemic, the
personal, social, and economic costs of these conditions are
expected to rise [1]. Although effective interventions exist, these
conditions often go untreated [2]. This poses a significant
problem for individuals and health care systems, as anxiety and
depression are associated with reduced quality of life [3],
increased suicide risk [4], and increased health service use [5].
Although increasing access to evidence-based mental health
care seems to be an obvious solution, achieving this in the
context of an already overstretched mental health system
represents a major challenge.
Digital mental health interventions (eg, web-based cognitive
behavioral therapy), used alone or in blended models of care,
have been highlighted as crucial tools for addressing unmet
mental health treatment needs [1]. Indeed, health policies in the
United Kingdom [6] and Australia [7] recommend digital mental
health interventions as the first-line treatment for individuals
with mild or subsyndromal depression. These interventions have
been shown to be as effective as in-person psychotherapy for a
range of disorders [8] and can be delivered with minimal or no
therapist input [9]. Furthermore, these interventions can promote
improvements in symptoms that are sustained over several years
[10], provide immediate support (ie, no waiting time), and are
free from many barriers that prevent individuals from accessing
face-to-face treatment (eg, cost, inconvenience, and
stigmatization). However, the integration of digital mental health
interventions into routine mental health care has been slow [11].
New strategies are needed to promote a greater uptake of digital
mental health tools.
One way to increase the integration of digital mental health
interventions into routine mental health care is to better support
general practitioners (GPs) in prescribing these interventions
to their patients. Digital mental health interventions can provide
significant benefits in the general practice setting because GPs
encounter high rates of common mental health conditions, with
1 in 4 patients experiencing depression [12] and 1 in 5
experiencing anxiety [13]. Furthermore, GPs are often an
individual’s first point of contact with mental health services
and are a trusted source of information for patients, so they are
well placed to facilitate greater access to, and confidence in,
digital tools for mental health. However, two major challenges
have prevented the adoption of digital mental health tools in
general practice. First, although mental health conditions are
common among general practice attendees, only half of all
patients with a mental health condition are recognized by their
GP as having one [14]. Accordingly, low rates of disorder
detection may prevent GPs from identifying patients who are
suitable candidates for digital mental health interventions.
Second, given the broad array of digital apps and tools marketed
for mental health, GPs report a lack of confidence in prescribing
digital interventions and uncertainty about their evidence base
inhibits their routine use [15].
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To address these challenges, the Black Dog Institute developed
StepCare, a web-based tool for use in general practice that offers
digital mental health screening and treatment recommendations
[16,17]. StepCare aims to facilitate the delivery of a stepped
care approach to mental health care in the general practice
setting. It does so by screening patients in the GP waiting area
using a tablet device and then stratifying patients into groups
according to symptom severity. StepCare then provides a
screening report and set of treatment recommendations to GPs,
which are matched in intensity to a patient’s specific level of
need. Importantly, evidence-based digital mental health
interventions are incorporated into the treatment
recommendations for patients who screen positive for mild or
moderate depressive or anxious symptoms, and GPs are
supported in referring their patients to these interventions via
referral links embedded in the program.
Initial studies of feasibility [16] and implementation [17]
demonstrated that StepCare was acceptable to GPs and feasible
for delivery in general practice settings. Moreover, two recent
randomized controlled trials (RCTs) of similar digital patient
stratification tools further support the utility of using digital
solutions to deliver stepped care in the general practice setting.
Specifically, an RCT evaluating an eHealth platform (Target-D)
that aimed to support patients in managing depression found
that digitally stratifying patients and providing matched
interventions resulted in greater improvements in depressive
symptoms over 3 months compared with usual care [18].
Similarly, an RCT of a similar digital decision support tool
(Link-me) demonstrated that digitally facilitated stepped care
resulted in greater improvements in psychological distress in
general practice patients compared with usual care [19].

Objectives
A key goal of the StepCare tool was to increase the use of digital
mental health interventions in general practice by (1) helping
GPs to identify patients who would be suitable candidates for
digital interventions (ie, via screening for patients with mild to
moderate symptoms), (2) assisting GPs in determining when a
digital mental health intervention should be used alone or in
combination with a higher-intensity intervention (eg, a
psychologist), and (3) reducing GPs’ uncertainty surrounding
which digital interventions to prescribe and how to introduce
them to the patient in the limited time available during a
consultation. StepCare has been implemented in 85 general
practices across Australia, and more than 5000 patients were
screened from July 2017 to March 2020. The aim of this study
is to examine whether StepCare is a suitable means for
identifying patients who may be candidates for digital mental
health interventions and to promote the uptake of these
interventions in the general practice patient population.

Methods
Sample and Recruitment
Information about the StepCare tool was disseminated to
primary health networks (PHNs) via conferences, workshops,
and networks. A total of 8 PHNs from New South Wales,
Australian Capital Territory, and Victoria signed up to use
StepCare during the study period (July 24, 2017, and March 31,
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2020), and each PHN invited expressions of interest from
general practices in their region. In total, 85 general practices
expressed interest, and all GPs within these practices were
invited to participate. The GPs who provided informed consent
to participate were then provided with information and training
from either their PHN or staff from the Black Dog Institute on
how to implement StepCare in their practice. Both PHNs and
the Black Dog Institute staff provided ongoing support to
practices throughout the implementation period.
Adult patients who were attending a GP appointment at one of
the participating practices, regardless of the reason for their
visit, were invited to participate in the screening. When patients
presented to the reception staff, they were handed a mobile
tablet that displayed an information and consent page, and
patients who agreed to participate in screening indicated their
consent via button click on the tablet. To assess their eligibility
for screening, an initial set of questions was administered that
confirmed that the patient was aged ≥18 years, had not
undergone screening in the past 6 months, and could provide
either a mobile phone number or email address (required for
patients to receive follow-up monitoring assessments to track
symptom change over time).

Ethics Statement
This study was approved by the University of New South Wales
Human Research Ethics Committee (HC15827).

Design
This study used an uncontrolled, observational, prospective
cohort design.

Screening Measures
Depressive symptoms were screened for using the 9-item Patient
Health Questionnaire (PHQ-9) [20]. Total scores range from 0
to 27. StepCare defines severity levels as nil-minimal (0-4),
mild (5-9), moderate (10-19), and severe (20-27). Item 9 was
used to assess thoughts about suicide and self-harm. The
presence of suicidal thoughts was flagged to the GP in a separate
column on the patients’ screening report, where a score of 1 on
item 9 of the PHQ-9 indicated thoughts of mild severity, a score
of 2 as moderate, and a score of 3 as severe. Anxiety symptoms
were screened for using the 7-item Generalized Anxiety
Disorder (GAD-7) scale [21]. Total scores range from 0 to 21,
with severity levels defined as nil-minimal (0-4), mild (5-9),
moderate (10-14), and severe (15-21).
StepCare also included 2 items that assessed whether the patient
had previously discussed mental health issues with their GP
and whether their current appointment was about mental health.
This served as a proxy indicator of whether a patient was likely
to be known to their GP as having a mental health condition.
Patients were also asked sociodemographic questions, including
whether they were Aboriginal or Torres Strait Islander; a carer
for children, someone with a disability, someone with a chronic
illness, or someone who was frail-aged; spoke a language other
than English; had concerns about their accommodation or
housing; and what their alcohol use habits were (Alcohol Use
Disorders Identification Test) [22]. The PHQ-9 and GAD-7
scores informed the StepCare treatment recommendations;
https://www.jmir.org/2021/9/e28369

XSL• FO
RenderX

Whitton et al
however, all responses were transmitted to GPs for consideration
during the consultation.

Screening Procedure
On presentation to the practice, the reception staff provided
adult patients with an internet-enabled mobile tablet featuring
the StepCare information and consent page. Patients could either
consent or decline to participate by clicking a button. Those
who consented were asked to provide their contact details and
complete the sociodemographic questions, the PHQ-9, the
GAD-7, and the Alcohol Use Disorders Identification Test. The
patient’s screening results were sent directly to their GPs’
medical inbox using a secure messaging service for review
during the consultation.

Treatment Recommendations
StepCare treatment recommendations were stratified according
to the patient’s symptom severity. Digital mental health
interventions were incorporated into Steps 1 and 2 as follows.

Step 1: Web-Based Self-Help
The self-guided digital mental health intervention myCompass
[23] was recommended for patients with mild symptoms.
MyCompass has been shown to be effective in improving
symptoms of depression and anxiety over 7 weeks relative to
waitlist and attention control conditions [23] and has more than
50,000 registered users to date.

Step 2: Guided Web-Based Therapy or Face-to-Face
Psychotherapy (Consider Medication)
Guided web-based therapy via the MindSpot Clinic or
face-to-face therapy with a clinical psychologist was
recommended for patients with moderate symptoms. MindSpot
offers therapist-guided web-based courses and has been found
to produce significant improvements in depression and anxiety
[24,25]. The Step 2 recommendation also suggested that the GP
consider pharmacotherapy.

Step 3: Face-to-Face Psychotherapy, Antidepressant
Medication (Consider a Psychiatrist)
Referral to a clinical psychologist and pharmacotherapy were
recommended for patients with severe symptoms. The GP was
encouraged to consider referral to a psychiatrist for
pharmacotherapy management.

Managing Suicidality
For patients who scored 1 or higher on item 9 of the PHQ-9,
StepCare also provided GPs with several options to assist them
in supporting patients who reported suicidal thoughts, including
providing prompts to help initiate a discussion with the patient
regarding their responses on the screener, steps for further
assessing risk, information describing how to develop a safety
plan for patients who are actively suicidal, and links to relevant
local and national crisis services.

GP Prescribing Patterns
During the consultation, GPs were asked to record the treatment
they prescribed by filling in checkboxes accessible via the
patient’s screening report. Although GPs were strongly
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encouraged to record prescribed treatments, to minimize the
burden on GP workflow, this was not mandatory.

Patient Outcomes and Treatment Use
Individuals who screened positive for depression or anxiety
were invited to complete follow-up assessments every 2 weeks
for 18 weeks to monitor symptoms (those with nil-minimal
symptoms were not followed up). These follow-up assessments
captured key outcome measures, including depressive symptom
severity (PHQ-9) and anxiety symptom severity (GAD-7). In
addition to these outcome measures, patients were asked to
indicate, via checkboxes, which of a series of mental health
treatments they had used in the past 2 weeks. Follow-up
assessments were not mandatory, and patients could opt out of
receiving assessment reminders at any time.
Each time a patient completed a follow-up assessment, a report
was sent to their GP’s medical inbox. This report displayed the
patient’s PHQ-9 and GAD-7 scores, their score on item 9 of the
PHQ-9 (indicating suicidal thoughts), and a line graph showing
symptom improvement from baseline. Accompanying this report
was also a series of alerts that notified GPs of patients who
showed signs of improvement, as well as those who showed
evidence of deterioration, severe symptoms that did not improve,
and nonadherence to monitoring assessments. Improvement
was defined as a patient whose PHQ-9 or GAD-7 scores had
improved by at least one severity category compared with the
previous fortnight; deterioration was flagged when a patient’s
PHQ-9 or GAD-7 score increased by at least one severity
category relative to the previous fortnightly period; severe and
unchanging symptoms were flagged where a patient with PHQ-9
or GAD-7 scores in the severe range at baseline had not
improved by at least one severity category by week 4; and
nonadherence to assessments was flagged when a patient who
screened positive for depressive or anxious symptoms at baseline
had not completed two consecutive follow-up assessments. For
patients who did not improve, or who deteriorated, the GP was
encouraged to consider scheduling a follow-up appointment
with the patient to review their treatment plan.
For the purposes of our statistical analyses, we defined remitters
as individuals who were nil-minimal (0-4) on the PHQ-9 and
GAD-7 at their last follow-up assessment, and responders as
individuals who showed a decrease of at least one severity
category on the PHQ-9 or GAD-7 at their last assessment.

https://www.jmir.org/2021/9/e28369

XSL• FO
RenderX

Whitton et al

Statistical Analyses
Descriptive statistics were used to quantify patient symptoms,
treatment use, and GP prescription patterns. The number needed
to screen (NNS) was calculated using methods aligned with
those adopted in multiarm clinical trials, as described by
Rembold [26]. NNS is a statistic that is derived from the number
needed to treat (NNT) statistic that is commonly reported in
clinical trials assessing the effectiveness of an intervention and
reflects the number of people who need to be screened to prevent
one adverse event. However, it differs from NNT in that it also
incorporates information about the prevalence of undetected
diseases that can be potentially identified via screening. In our
study, it was calculated by first computing the absolute risk
(AR) of identifying undiagnosed symptoms of anxiety or
depression through screening and the AR of identifying
undiagnosed symptoms of anxiety or depression under a
hypothetical no screening condition. For the purposes of our
calculation, we assumed that in the hypothetical no screening
condition, no individuals with undiagnosed symptoms of
depression or anxiety would have been identified that would
not have already been identified through care as usual without
screening. Next, we computed the difference in AR under these
two conditions (ie, the AR deduction [ARD]). Finally, we
computed the NNS in the same manner as that used to compute
NNT, which is the inverse of the ARD (ie, 1/ARD) [26].
This was supplemented with an intention-to-treat analysis
examining symptom improvement over the follow-up period
using data from all assessment points (mixed model for repeated
measures analysis with random intercepts and slopes;
implemented in Stata [version 13.1; StataCorp LP]). We also
performed a completer analysis to examine the rates of response
and remission.

Role of the Funding Source
The funder had no role in the study design, data collection,
analysis, manuscript writing, or in the decision to publish the
manuscript.

Results
Sample Characteristics
Of the 5138 patients who were offered the tool, 3777 (73.51%)
completed screening and 3314 (64.50%) met the eligibility
criteria (sample characteristics are shown in Table 1).
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Table 1. Characteristics of baseline sample (N=3314).
Characteristic

Participants

Age (years), mean (SD)

43.4 (17.0)

Female, n (%)

2316 (69.89)

Aboriginal or Torres Strait Islander, n (%)

165 (4.98)

English as second language, n (%)

423 (12.76)

Cares for children, n (%)

1079 (32.56)

Cares for frail or disabled individuals, n (%)

305 (9.20)

Accommodation issues, n (%)

94 (2.84)

Seeing general practitioner for mental health reasons, n (%)

745 (22.48)

Seen general practitioner for mental health reasons previously, n (%)

1519 (45.84)

Suitability of StepCare as a Screening Tool

that StepCare also identified patients with significant unmet
mental health treatment needs.

Prevalence and Severity of Symptoms Identified

Results for NNS

In total, 1428 individuals with symptoms of anxiety or
depression were identified through screening (detection rate:
1428/3314, 43.09%). Of the baseline sample, 13.82% (458/3314)
had mild symptoms, 17.68% (586/3314) had moderate
symptoms, and 11.59% (384/3314) had severe symptoms.
Furthermore, just under one third (454/1428, 31.79%) of
symptomatic individuals reported suicidal ideation or thoughts
of self-harm. Overall, depressive symptoms (1333/3314,
40.22%) were more common than anxiety symptoms (855/3314,
25.80%). There were no differences in the proportion of males
and females who screened positive for either depressive or
anxious symptoms (both values of P>.18).

Of the 5138 patients who underwent screening, 335 (6.52%)
had anxious or depressive symptoms that were previously
unidentified or untreated. Accordingly, the AR for recognizing
previously unidentified symptoms via screening was
ARscreening=335/5138=0.0652. Although this was not an RCT,
under a hypothetical no screening condition, we can assume
that none of these individuals would have been detected,
yielding an AR of:

For patients who screened in the mild symptom severity range,
most screened positive for depressive symptoms only (346/458,
75.5%) with fewer screening positive for anxiety symptoms
only (54/458, 11.8%) or both depressive and anxious symptoms
(49/458, 10.7%). In contrast, as symptom severity increased,
patients were more likely to screen positive for both depressive
and anxious symptoms. Specifically, in the moderate range,
59.6% (349/586) screened positive for both depressive and
anxious symptoms [depressive symptoms only (202/586,
34.5%); anxious symptoms only (28/586, 4.8%)], and in the
severe range, 94.3% (362/384) screened positive for both
depressive and anxious symptoms [depressive symptoms only
(7/384, 1.8%); anxious symptoms only (13/384, 3.4%)].

Previously Unidentified or Untreated Mental Health
Symptoms
Of the 1428 patients who screened positive for depressive or
anxious symptoms, 335 (23.46% of symptomatic sample or
10.11% of patients overall) had never seen their GP for mental
health reasons, including at the time of screening. These
previously unidentified or untreated patients were older than
symptomatic patients who had previously seen their GP for
mental health reasons (44.73 vs 38.58; t1,426=6.36; P<.001).
Most unidentified or untreated patients had mild (184/335,
54.9%) or moderate symptoms (116/335, 34.6%); however, 1
in 10 had severe symptoms (35/335, 10.4%) or reported suicidal
ideation or thoughts of self-harm (49/335, 14.6%), indicating
https://www.jmir.org/2021/9/e28369
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Therefore, the ARD can be calculated as ARscreening–ARno
screening:
ARD=335/5138–0/5138=0.0652
An NNS can be calculated as the inverse of the ARD:
NNS=1/0.0652=15.3 (95% CI 13.9-17.1)
This indicates that for every 16 patients who are offered mental
health screening, 1 individual with previously unidentified or
untreated depressive or anxious symptoms will be identified.

Ability of StepCare to Facilitate Uptake of Digital
Mental Health Interventions
GP Prescribing Patterns
GP prescription data were available for 23.39% (334/1428) of
patients. These included 30.2% (101/334) patients with mild
symptoms, 41.9% (140/334) with moderate symptoms, and
27.8% (93/334) with severe symptoms. Separate independent
samples 2-tailed t tests showed that baseline PHQ-9 and GAD-7
scores did not differ between patients whose GP did and did
not provide prescribing data (both values of P>.54).
Although digital and high-intensity (ie, psychologists,
psychiatrists, and pharmacotherapy) interventions were
recommended by the StepCare tool at roughly equal rates (digital
interventions were recommended for 241/334, 72.2% of patients;
high-intensity interventions were recommended for 233/334,
69.8% of patients; categories not mutually exclusive), GPs
prescribed high-intensity interventions nearly twice as often as
low-intensity digital interventions. Specifically, a high-intensity
J Med Internet Res 2021 | vol. 23 | iss. 9 | e28369 | p.584
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intervention was prescribed by the GP for 56.3% (188/334) of
patients, whereas a digital mental health intervention was
prescribed by the GP for 30.8% (103/334) of patients. A
side-by-side comparison of the treatments recommended by
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StepCare, relative to the treatments prescribed by GPs, is shown
in Table 2. Furthermore, GP prescription patterns among patients
with different levels of symptom severity are shown in Table
3.

Table 2. Comparison of StepCare treatment recommendations for all symptomatic patients (n=1428) versus GPa prescribed treatments in symptomatic
patients with GP prescribing data available (n=334).

a

Treatmentb

Proportion of all symptomatic patients (n=1428) who were Proportion of symptomatic patients with GP prescribing
recommended a specific treatment by StepCare, n (%)
data (n=334) who were prescribed a specific treatment by
their GP, n (%)

Web-based self-help

458 (32.1)

60 (18)

Guided web-based therapy

586 (41)

54 (16.2)

Psychologist

970 (67.9)

135 (40.4)

Medication

970 (67.9)

109 (32.6)

Psychiatrist

384 (26.9)

31 (9.3)

GP: general practitioner.

b

Column percentage totals do not sum to 100% as patients could be prescribed multiple treatments or no treatment at all.

Table 3. General practitioner prescribing patterns as a function of patient baseline symptom severity (N=334).
Treatment prescribed by general practitionera Patients with mild symptoms
(n=101), n (%)

Patients with moderate symptoms Patients with severe symptoms
(n=140), n (%)
(n=93), n (%)

Prescribed web-based self-help

33 (32.7)

15 (10.7)

12 (12.9)

Prescribed guided web-based therapy

11 (10.9)

28 (20)

15 (16.1)

Prescribed psychologist

22 (21.8)

59 (42.1)

54 (58.1)

Prescribed medication

8 (7.9)

50 (35.7)

51 (54.8)

Prescribed psychiatrist

2 (2)

8 (5.7)

21 (22.6)

a

Percentages reflect the percentage of patients in each symptom severity category; column percentage totals do not sum to 100% as patients in the same
symptom severity category could be prescribed multiple treatments or no treatment at all.

Patient Treatment Use Patterns
Treatment use data were available for 42.44% (606/1428) of
patients. Most patients (525/606, 86.6%) reported the use of at
least one form of mental health treatment during the follow-up
period. Patients with treatment use data had higher baseline
PHQ-9 (t1426=3.98; P<.001; mean 12.81, SD 6.16) and GAD-7
scores (t1408=3.77; P<.001; mean 9.43, SD 6.59) than patients
who did not provide treatment use data (PHQ-9 mean 11.50,
SD 6.18; GAD-7 mean 8.10, SD 6.59), indicating that the
following patterns may be more applicable to patients with more
severe symptoms.
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Of the 606 patients who provided treatment use data, 165
(27.2%) also had GP prescribing data available, which allowed
us to determine whether a patient used the treatment prescribed
by their GP. More than two-thirds of patients (35/52, 67%) who
were prescribed a digital mental health intervention (either alone
or in combination with a high-intensity intervention) reported
using one of these digital interventions over the follow-up
period. The rates of treatment uptake were also high for
high-intensity interventions; nearly all patients (96/102, 94.1%)
who were prescribed a high-intensity intervention by their GP
reported that they had used a high-intensity intervention over
the follow-up period. The patient use of GP-prescribed
interventions is shown in detail in Figure 1.

J Med Internet Res 2021 | vol. 23 | iss. 9 | e28369 | p.585
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Whitton et al

Figure 1. Data show the rate at which patients used the treatment that was prescribed to them by their general practitioner. Values are expressed as a
proportion of symptomatic patients for whom both patient adherence and general practitioner prescribing data were available (n=165).

Patient Outcomes
Symptom Improvement Over Time
The intention to treat (mixed model for repeated measures)
analysis revealed a significant main effect of time for the PHQ-9
(P<.001), where scores decreased by an average of 3.62 points
from baseline to week 18 (moderate to mild severity range;
Cohen d=0.58 computed using baseline SD of 6.20).
Comparisons between baseline and follow-up PHQ-9 scores

(Table 4) showed that symptom severity at each follow-up point
was significantly lower than the score at baseline (all Ps<.001).
Similar effects were observed for the GAD-7, where the main
effect of time was significant (P<.001), with scores decreasing
by an average of 1.45 points from baseline to week 18 (upper
end of mild to lower end of mild severity range; Cohen d=0.22,
baseline SD 6.62). Comparisons between baseline and follow-up
GAD-7 scores (Table 5) showed that symptom severity at each
follow-up point except weeks 2 and 4 was significantly lower
than at baseline (all values of P<.001).

Table 4. Changes in depressive symptom severity (9-item Patient Health Questionnaire) over time.

a

Time point

Estimated marginal, mean (SE)

Modeled change from baseline, mean (95% CIa)

P valueb

Baseline

12.05 (0.16)

N/Ac

N/A

Week 2

10.22 (0.22)

−1.84 (−2.23 to −1.44)

<.001

Week 4

9.75 (0.24)

−2.31 (−2.75 to −1.86)

<.001

Week 6

9.15 (0.25)

−2.90 (−3.37 to −2.43)

<.001

Week 8

8.86 (0.26)

−3.19 (−3.70 to −2.69)

<.001

Week 10

8.81 (0.28)

−3.24 (−3.78 to −2.69)

<.001

Week 12

8.76 (0.29)

−3.30 (−3.87 to −2.73)

<.001

Week 14

8.33 (0.31)

−3.72 (−4.31 to −3.13)

<.001

Week 16

8.42 (0.32)

−3.63 (−4.25 to −3.01)

<.001

Week 18

8.43 (0.33)

−3.62 (−4.27 to −2.97)

<.001

The 95% CI refers to the change from baseline.

b

P values indicate the significance level for comparisons between baseline scores and scores at each of the follow-up assessments.

c

N/A: not applicable.
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Table 5. Change in anxious symptom severity (7-item Generalized Anxiety Disorder scale) over time.

a

Time point

Estimated marginal, mean (SE)

Modeled change from baseline, mean (95% CIa)

P valueb

Baseline

8.67 (0.18)

N/Ac

N/A

Week 2

8.56 (0.20)

−0.11 (−0.51 to 0.29)

.58

Week 4

8.26 (0.21)

−0.41 (−0.83 to 0.01)

.06

Week 6

7.86 (0.22)

−0.81 (−1.27 to −0.36)

<.001

Week 8

7.63 (0.24)

−1.04 (−1.54 to −0.55)

<.001

Week 10

7.33 (0.25)

−1.34 (−1.85 to −0.83)

<.001

Week 12

7.27 (0.25)

−1.40 (−1.92 to −0.88)

<.001

Week 14

7.18 (0.27)

−1.49 (−2.05 to −0.93)

<.001

Week 16

7.48 (0.30)

−1.20 (−1.81 to −0.58)

<.001

Week 18

7.22 (0.30)

−1.45 (−2.07 to −0.83)

<.001

The 95% CI refers to the change from baseline.

b

P values indicate the significance level for comparisons between baseline scores and scores at each of the follow-up assessments.

c

N/A: not applicable.

Rates of Remission and Response
Completer analyses focused on symptomatic patients who
completed at least one follow-up assessment (708/1428,
49.58%). Of this sample, 26.1% (185/708) scored in the
asymptomatic range on the PHQ-9 and GAD-7 at follow-up
and were classified as remitters. Furthermore, 55.4% (392/708)
of cases dropped down at least one severity category on the
PHQ-9 or GAD-7 and were considered responders. In contrast,
26.1% (185/708) increased by one or more severity categories
during the follow-up period.

Discussion
Principal Findings
This study examined the performance of a digital mental health
screening and treatment recommendation tool (StepCare) for
improving the identification of depression and anxiety in general
practice and for promoting the uptake of digital mental health
interventions. Four key findings emerged. First, screening
revealed a high prevalence of common mental health conditions
among general practice patients, with 40.2% screening positive
for depression and 25.8% screening positive for anxiety (cf.
Australian population 12-month prevalence estimates of 6.2%
for depression and 14.4% for anxiety) [27]. Nearly 1 in 4 of
these patients had never consulted their GP about their mental
health previously, indicating that screening identified individuals
who may have otherwise been undetected. Second, the majority
(89.5%) of untreated patients were in the mild to moderate
range, demonstrating that screening, when followed by
appropriate assessment, could assist GPs in identifying suitable
candidates for digital mental health interventions. Third,
although digital mental health interventions and high-intensity
interventions were recommended by the StepCare tool at
approximately equal rates, GPs favored high-intensity
interventions over digital interventions. Fourth, although digital
interventions were prescribed less often, more than two-thirds
of patients who were prescribed a digital intervention by their
https://www.jmir.org/2021/9/e28369
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GP reported using it. This confirms that GPs are well placed to
facilitate greater uptake of digital mental health interventions.
Our findings align with prior studies showing high rates of
depressive and anxious symptoms in general practice
populations and the ability for mental health screening to
identify patients with untreated symptoms [14]. These results
extend prior research in two significant ways: (1) by estimating
the NNS to detect previously untreated patients with depressive
or anxious symptoms in an Australian general practice setting
(NNS=16) and (2) by showing that a significant proportion of
untreated patients have symptoms in the mild to moderate
severity range, where digital mental health interventions may
be especially useful. Although the impact of mental health
screening on patient outcomes can only be determined via RCTs,
our findings suggest that screening could identify important
opportunities to implement low or no cost digital interventions,
thereby reducing the burden on higher-intensity services.
Our finding that 1 in every 16 patients invited for screening had
unidentified or untreated depressive or anxious symptoms
positions mental health screening favorably when compared
with other diseases routinely screened for in primary care. For
example, type 2 diabetes screening for adults aged ≥40 years
yields a detection rate of 1 in 32 [28], breast cancer screening
for women aged 50 to 69 years yields a detection rate of
approximately 1 in 94 [29], and cervical cancer screening in
women aged >20 years yields a detection rate of approximately
1 in 143 [30]. Given that suicide outranks cancer as the leading
cause of death for Australians aged 25 to 44 years [31] (the
mean age of our sample was 43 years), mental health screening
of the general practice population could significantly reduce
suicide-related mortality.
We note that the rates of depressive and anxious symptoms in
our study were higher than the population prevalence estimates
of depression and anxiety, and there are several possible reasons
for this. First, population prevalence estimates are based on
individuals who meet the diagnostic criteria for depression or
anxiety rather than individuals who demonstrate a positive result
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on a brief screening measure of depressive or anxious symptoms.
In our study, it is likely that a subset of patients who screened
positive for depression or anxiety would not have met the
diagnostic criteria for depression or anxiety in further follow-up
assessments with their GP. Second, it is likely that some
participants who screened positive were experiencing transient
symptoms rather than a persistent condition, with prior studies
indicating that approximately one-fifth of patients who screened
positive for depression in primary care no longer met the criteria
after 2 weeks [32]. Third, the PHQ-9 and GAD-7 cutoff values
we used were designed to capture milder subsyndromal
symptoms in addition to more severe symptomatology; hence,
the symptomatic sample in our study likely encompasses patients
with milder symptoms compared with individuals who are
included in epidemiological studies.

by GPs include uncertainty about a digital intervention’s
evidence base and insufficient knowledge of how to refer a
patient to a digital intervention [15]. However, StepCare was
designed to overcome these barriers, as it only recommends
empirically supported digital interventions and includes a
referral pipeline that supports GPs in connecting their patients
with the intervention. Additional barriers clearly exist and must
be addressed. One by-product of the COVID-19 pandemic has
been the rapid integration of telehealth services into general
practices. This may help to break down attitudinal barriers to
digital mental health tools; however, other practical changes,
such as allowing GPs to formally itemize and charge for the
time taken to discuss digital interventions with their patients,
may also be needed to enhance their use in general practice.

A fourth factor that likely underpinned our higher prevalence
rates was the fact that several practices used StepCare to
selectively screen high-risk patients (as recommended by the
Royal Australian College of General Practitioners) [33] as
opposed to implementing universal screening. In addition to
biasing screening toward more symptomatic patients, this
observation raises an important question regarding the best
implementation of screening programs in general practice.
Although selectively screening high-risk patients (eg, postpartum
women) may increase the cost-effectiveness of screening, this
approach may have the unintended effect of exacerbating
existing disparities in access to mental health care [34]. For
example, the Royal Australian College of General Practitioners
guidelines indicate that patients at increased risk for depression
are those who have a family history of psychiatric illness, have
chronic medical conditions, are unemployed or of low
socioeconomic status, have experienced significant life events,
family violence or child abuse, or are part of the lesbian, gay,
bisexual, transgender, and intersex community [33]. Although
these factors may be known to the GP when there is a
well-established relationship with the patient, this is less likely
when a patient does not have a regular GP (up to 20% of
patients) [35] or visits their GP infrequently (eg, indigenous
patients or patients from rural areas) [36]. Accordingly, although
risk-based screening may have lower opportunity costs than
universal screening, it may fail to identify patients who may
warrant further assessment by their GP and who may benefit
from digital mental health interventions.

This study has some limitations. First, this was an uncontrolled
observational study of a tool used in a clinical setting. RCTs
are needed to determine whether the opportunity costs of mental
health screening in general practices are offset by superior
patient outcomes. Second, GP prescribing data and patient
treatment use data were available for only a portion of patients
because completion of these surveys was optional. Greater
tracking of prescription and treatment use patterns via electronic
health records will be critical for providing a comprehensive
perspective on digital intervention uptake. Finally, an important
question that must be addressed in future research is whether
patients who are prescribed digital mental health interventions
show sufficient levels of engagement with these interventions
to yield therapeutic benefits. If the rates of initial uptake are
high when referred by a GP, but ongoing engagement remains
low, then this may warrant consideration of alternative modes
of delivery. Delivery methods that combine digital mental health
interventions with face-to-face services, such as blended care
[37-39], may be especially useful in this regard. Blended care
has been found to promote greater adherence to digital programs,
and preliminary evidence has demonstrated its efficacy in the
general practice setting (eg, when guidance is provided by a
nurse practitioner [40]).

Regarding GP prescribing patterns, our findings suggest that
although digital mental health interventions may be well suited
to a substantial portion of the symptomatic general practice
population, GPs show a preference for prescribing high-intensity
treatments. Why might this be? Common barriers to use reported

Limitations and Future Directions

Conclusion
In conclusion, our findings indicate that a digital mental health
screening and treatment recommendation tool may increase the
opportunities to use digital mental health interventions in general
practice. Leveraging these opportunities will be critical in
addressing increased mental health treatment needs arising from
the COVID-19 pandemic and in reducing existing disparities
in access to affordable, evidence-based mental health care.
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Abstract
Background: The significance of web-based health and social care services has been highlighted in recent years. There is a
risk that the digitalization of public services will reinforce the digital and social exclusion of vulnerable groups, such as individuals
with mental health problems.
Objective: This study aims to examine the associations between mental health problems and attitudes toward web-based health
and social care services in the general population. The attitudes measured include lack of interest, perceived need for face-to-face
encounters, and concern for safety. The study also evaluates whether sociodemographic characteristics (age, gender, education
level, and poverty) modify these associations.
Methods: Cross-sectional population-based data were collected from 4495 Finnish adults in 2017. Linear regression was used
to examine the main effects and interactions of poor mental health and sociodemographic characteristics on attitudes toward
web-based health and social care services.
Results: The results show that mental health was associated with attitudes toward web-based health and social care services.
Individuals with mental health problems were especially concerned about the safety of web-based services. Poor mental health
was independently associated with negative attitudes toward web-based services over the effects of sociodemographic factors.
Some of the associations between poor mental health and negative attitudes toward web-based services were stronger among
older people and men. With regard to sociodemographic characteristics, particularly higher age, low education, and poverty were
associated with negative attitudes toward web-based health and social care services.
Conclusions: Poor mental health is associated with negative attitudes toward web-based health and social care services and
thus indirectly with exclusion. It seems that being older and being male both reinforce the link between poor mental health and
exclusion. In supporting the digital inclusion of people with mental health problems, attention should be paid to guidance and
counseling, reliability, and the user-friendliness of web-based services as well as to the prevention of poverty. In addition, it is
essential to see web-based services as complementary to, and not a substitute for, face-to-face services.
(J Med Internet Res 2021;23(9):e28066) doi:10.2196/28066
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digital inclusion; digital exclusion; digital divide; mental health; attitudes

https://www.jmir.org/2021/9/e28066

XSL• FO
RenderX

J Med Internet Res 2021 | vol. 23 | iss. 9 | e28066 | p.592
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Rantanen et al

Introduction

this study examines attitudes regarding the perceived usefulness
of web-based services and the general interest in using them.

Background

In summary, this study approaches the issues of digital inclusion
and exclusion from the perspective of attitudes. Specifically,
we studied the combined effects of poor mental health and
sociodemographic characteristics on attitudes toward web-based
health and social care services.

The push for web-based health and social care services is
increasing at an accelerating pace in developed countries. This
development is based on the assumption that patients and clients
are able to independently engage with services and experience
them as beneficial [1-4]. However, there is an increasing number
of vulnerable groups whose capability to engage with services
is poor. In addition, some individuals either do not engage at
all or choose to disengage from web-based services [2-4]. Thus,
the digitalization of health and social care services might lead
to a greater digital divide and more exclusion than anticipated
because of the perceived burden associated with web-based
services among vulnerable groups [2,3].
Various vulnerable groups of people, such as those with mental
health disorders, are at risk of digital exclusion. According to
Greer et al [5], mental health difficulties, specifically psychosis,
impact digital exclusion. For example, a lack of knowledge and
deficiencies in financial resources can be significant risk factors
for digital exclusion among mental health service users [5].
Farooq et al [6] argued that digital inclusion cannot be
considered separately from economic and social inclusion.
According to them, it is likely that socially disadvantaged and
mentally ill people will lag behind the rest of the population if
digital inclusion is not addressed as a priority issue. In addition,
other factors such as education level, age, and social deprivation
play an important role in estimating who are willing and able
to use digital services [7,8].
Attitudes can be seen as one component of digital inclusion
[9,10]. According to the Helsper [11] theory, social exclusion
increases the risk of digital exclusion via a lack of digital skills,
poor access to the internet and digital services, and negative
attitudes toward technology. The central role of attitudes has
also been highlighted in research on the adoption of new
technologies [12]. According to the technology acceptance
model [13] and the theory of planned behavior [14], attitudes
are one of the key factors in the adoption of and behavioral
intention to use technology. Therefore, people’s attitudes affect
how willing they are to use new technology.
The concept of attitude is multidimensional and difficult to
define; however, attitude is typically understood as the valuation
of a given target [15]. As people with mental health problems
have been found to be critical of face-to-face services being
replaced by digital services [16,17], this study focuses first on
the ways in which people view digital services compared with
face-to-face services. As previous studies have shown that a
user’s belief in a specific service posing no security or privacy
threats is an important factor in the adoption of a web-based
service [18,19], this study also examines the perceived
trustworthiness of web-based health and social care services.
According to Gong et al [20], trust in the provider also affects
the perceived benefits and risks of web-based services.
Furthermore, the technology acceptance model posits that
perceived usefulness is an important factor in the acceptance
of new technology [13]. Therefore, as an additional dimension,
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Services
Although aggregate digital inclusion has improved overall, the
inclusion gap has widened in recent years [10]. Moreover, it
has been suggested that the digital exclusion of vulnerable
groups will increase rather than decrease in the future [2,3]. The
degree of digital literacy and people’s ability to use digital
services vary within age groups and align with socioeconomic
status [2,3]. The greater an individual’s offline resources, the
more information and communication technology leads to
beneficial economic, social, and educational outcomes [2,3,21].
There are several key factors, such as use, income, and
education, that discriminate between web-based and offline
health information seekers. Indeed, individuals who seek health
materials on the web, for example, are likely to be younger,
have a better socioeconomic position, and themselves feel
happier than those who report only seeking health information
offline [22].
A study by Chen and Zhu [8] concluded that youth and high
socioeconomic positions are significant predictors of internet
access and use. Previous findings also show that older
individuals with mental health disorders tend to have fewer
skills and financial resources and less familiarity, confidence,
and access in engaging with and using digital mental health
services than their younger counterparts [23,24]. Moreover, it
has been shown that older individuals with mental health
disorders do not experience these services as beneficial and do
not wish to engage with technology [23,24].
In a Finnish study [25], 89% (40/45) of adolescents with
symptoms of depression or anxiety who used a web-based
depression support system experienced the support system as
reliable and safe. Specifically, the support system was
experienced as safe and beneficial when users were able to trust
the system’s content and felt safe using it. In addition, the
criteria for reliability and safety were met when web-based
mental health treatment was carried out in a way that protected
the confidentiality of adolescent users. A further study on people
living with serious mental health illnesses highlights the
importance of social media in conducting symptom assessment,
as well as in peer support [26].
People belonging to vulnerable groups are more likely to be
cynical toward web-based health and social care services and
to prefer face-to-face interaction over web-based interactions
[16,17,27-29]. The communication technology involved is
considered to not convey warmth, empathy, and nonverbal cues
at the same depth as direct human contact [16,17,30]. In
addition, vulnerable groups have been found to be suspicious
of the confidentiality, safety, and privacy of web-based health
and social care services [16,17,27-29]. Furthermore, a systematic
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review of the acceptability of web-based- and mobile
phone–delivered interventions indicated that people with severe
mental health problems are generally reluctant to engage with
these interventions [28].
A study exploring the reception and use of computerized
cognitive behavioral therapy in the treatment of depression
among university students concluded that a significant
proportion of the participants preferred face-to-face contact
alongside computer-assisted therapy [27]. In general,
participants also experienced computerized treatment as less
credible than face-to-face counseling, and attempting to use a
computerized cognitive behavioral therapy program alone might
be too laborious a task to undertake when depressed [27].
Similarly, a further qualitative study involving those with severe
mental health problems highlighted that participants experienced
digital health interventions as merely a complementary method
to supplement face-to-face care [17]. Digital health interventions
were not perceived as helpful and effective as face-to-face
interactions, and some individuals were concerned about the
confidentiality of digital services. A Finnish study [16] found
that marginalized young people prefer face-to-face interaction
over web-based interaction when they want to discuss their
problems with a social worker, despite being quite fluent in the
use of digital devices for personal purposes. However, older
adults have been found to lack confidence and trust in sharing
personal information and tend to be suspicious of the ways in
which the collected data are processed and their privacy
maintained [29].
In addition, previous studies have identified a digital gender
gap, for example, in digital skills, and access to and the use of
digital services and technologies [31-33]. However, according
to Thomas et al [9], gender is not as significant a risk factor for
low digital inclusion as, for example, low income, a low level
of education, or older age. Attitudes, on the other hand, are the
dimensions of digital inclusion in which the gender gap is
greatest. Therefore, it is justified to also look at the gender gap
when examining digital attitudes.
In general, women have been found to be more likely to search
for health-related information on the web than men, but men
are more open to engaging in a virtual relationship [34].
Furthermore, previous studies have found significant differences
in the help-seeking behaviors of men and women with mental
health problems. In fact, males, young people, and people living
in affluent areas, for example, were the least likely to seek help
[35]. Moreover, according to Smail-Crevier et al [36], women
were found to be more likely to use the internet for medical or
health-related information and guidance on reducing symptoms
of stress and depression, as well as an interactive self-help
software program, whereas men preferred to receive information
in a video game format.
Women have been found to perceive cognitive behavioral
therapy delivered on the web as more acceptable and easier to
adhere to than men [37]. However, according to Zhang et al
[38], men have a higher level of intention toward mobile health
adoption than women. Accordingly, Ellis et al [39] pointed out
that the key challenge for web-based mental health services is
to design interventions specifically for young men that are action
https://www.jmir.org/2021/9/e28066
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based, focus on shifting behavior and stigma, and are not simply
about increasing mental health knowledge. However, not all
studies have found gender differences. For example, in the
Australian study of Klein and Cook [40], the majority of
respondents stated a preference for using traditional mental
health services, and no differences were found in relation to any
demographic variable or previous use of mental health services
between groups of e-preferers and non-e-preferers [41].

Aims
First, previous studies have shown that attitudes are significant
factors of influence in the acceptance and use of new
technologies [12-14] and in digital exclusion [9,11]. Second,
studies have also shown a link between mental health problems
and negative attitudes toward web-based services [16,17].
Finally, previous studies suggest that sociodemographic factors
influence the use of web-based services [7,8]. However, there
is a lack of research on the common effects of mental health
problems and sociodemographic factors on attitudes toward
web-based services. Moreover, although previous research has
examined the moderating effects of socioeconomic
characteristics on the association between mental health and
health services use [42], web-based services have not received
attention in the relevant empirical literature.
This study examined the attitudes toward web-based health and
social care services. The measures of attitudes used included
lack of interest, perceived need for face-to-face encounters, and
concern for safety. In particular, the study analyzed the effects
of poor mental health and sociodemographic characteristics
(age, gender, education level, and poverty) on these attitudes.
Moreover, the moderating effect of sociodemographics on the
association between mental health problems and attitudes was
examined.

Methods
Sample and Procedure
This cross-sectional study was based on a random sample
representative of the Finnish population. In Finland, although
almost all people aged <45 years use the internet every day, this
use decreases with age. For example, 90% of people aged 45-54
years use the internet every day, compared with 83% of people
aged 55-64 years, and only 57% of people aged 65-74 years use
the internet every day [43]. The majority of Finns (80%) use
mobile phones to access the internet [43]. Although the use of
the internet and the skills required to do so are generally
common in Finland, there are gaps in digital skills and an
obvious need for support among some socially marginalized
groups [44].
A sample of 10,000 people was collected from the Population
Register Center of Finland. For those aged ≥75 years, a
double-picking probability was used to guarantee a sufficient
group size. A questionnaire was sent by mail to the participants
in 2017. The paper questionnaire form also provided instructions
for answering the questionnaire on the web, if preferred.
Reminders were sent three times to those who did not respond.
The material is collected by post using a paper form or via a
web-based form. Only a very limited number of people have
J Med Internet Res 2021 | vol. 23 | iss. 9 | e28066 | p.594
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access to a logistics system in which forms are managed. A
secure connection is used for the web-based form, and the
answers are stored encrypted in the Finnish Institute for Health
and Welfare (THL) database. In the analysis phase, the data
obtained from paper forms and electronic forms were combined
in a research database. The analyses used pseudonymized
research data from which direct personal data were removed.
The identification information is stored on the THL’s network
drive, which can only be accessed by THL employees
responsible for managing the material.

Rantanen et al
The total number of respondents was 4495, yielding a response
rate of 44.95% (4495/10,000). The respondents were slightly
older, more often women, and had a higher education level than
the eligible general population [45]. Inverse probability
weighting was applied to address possible bias based on age,
gender, marital status, education level, living region, and the
degree of urbanization of the residential municipality. This
method has previously performed well in correcting the possible
effects of nonresponse on the representativeness of the results
[46]. Owing to missing values in some of the study variables
(Table 1), the analytic sample size ranged from 3200 to 3459,
depending on the analysis being carried out.

Table 1. Descriptive statistics (N=4495).
Variable

Value

Age (years), mean (SD)

51.34 (18.38)

Gender, n (%)

4495 (100)

Female

2301 (51.19)

Male

2194 (48.81)

Education, n (%)
High

1328 (31.18)

Average

1440 (33.81)

Low

1491 (35.01)

Poverty, n (%)

807 (18.58)

No

3537 (81.42)
3853 (85.72)

Yes

569 (14.76)

No

3284 (85.24)

Attitudes (scale 1-5), mean (SD)

3643 (81.04)

Lack of interest

2.13 (1.27)

Need for face-to-face encounters

3.16 (1.13)

Concern for safety

2.62 (1.25)

The study complied with the instructions provided by the Finnish
National Board on Research Integrity [47] and the ethical
principles of the World Medical Association Declaration of
Helsinki [48]. Ethical approval for the study was obtained from
the
Research
Ethics
Committee
of
THL
(THL/637/6.02.01/2017).

Measures
Attitudes Toward Web-Based Health and Social Care
Services
Although the attitude questions on the form were not directly
based on any particular theoretical approach, the questions
concerned different aspects of the attitudes toward web-based
services identified in previous studies [12,16-20]. When
preparing the form, attitude questions were considered from the
perspective of learning and quality and, for example, in relation
to the information systems success model [49], which
emphasizes the importance of information quality, system
https://www.jmir.org/2021/9/e28066

RenderX

4344 (96.64)

Yes

Poor mental health, n (%)

XSL• FO

4259 (94.75)

quality, service quality, user satisfaction, and net benefits for
use. In addition, the questions used in the citizens' surveys of
other countries were taken into account to allow comparisons
between countries.
The respondents were asked, “What factors make it impossible
or difficult for you to use online social and health care services?”
The response options (rated on a scale from 1=completely
disagree to 5=completely agree) measured three types of
negative attitudes toward web-based services: lack of interest
(“Electronic services do not interest me;” Cronbach α=.92),
perceived need for face-to-face encounters (“Face-to-face
encounters cannot be replaced by electronic contacts;” Cronbach
α=.81), and concern for safety (“I am concerned about data
security when it comes to my personal details;” Cronbach
α=.91). These three dimensions of limiting attitudes were
derived using factor analysis (see Table S1 of Multimedia
Appendix 1 [50,51]).
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Poor Mental Health
Poor mental health was operationalized using both (1) the
Mental Health Inventory (MHI)-5 and (2) responses to a single
question enquiring about recent treatment for or diagnosis of
depression (“Have you been diagnosed with depression or been
treated for depression by a doctor over the past 12 months?”).
The MHI-5 [52] is a short 5-item scale that measures feelings
of depression and anxiety. More specifically, the MHI-5
measures mental health in the domains of anxiety, general
positive affect, depression, and behavioral or emotional control.
Respondents who scored ≤52 points on the MHI-5 or indicated
that they had been recently diagnosed or treated for depression
were classified as having poor mental health.

Rantanen et al
steps for each of the three outcome variables. First, unadjusted
analyses were performed to examine the associations between
poor mental health and negative attitudes (step 1). Second, we
adjusted the analyses for the effects of age, gender, education,
and poverty (step 2). Quadratic age was additionally included
in the analyses to test for potential nonlinear associations
between age and attitudes. Finally, the interactions between
poor mental health and sociodemographic characteristics were
tested (step 3). All analyses were conducted using sampling
weights in R version 3.6.1 (R Foundation for Statistical
Computing) [53].

Results

Sociodemographic Characteristics

Main Effect Models

Sociodemographic characteristics included age (continuous
variable), gender, level of education, and poverty. Education
level was measured with the years of education (top coded at
30 years and divided into age-group specific [<26, 26-35, 36-45,
46-55, ≥56 years] tertiles; 1=high, 2=average, and 3=low).
Poverty was measured with three items enquiring about not
having money for food, medication, or medical treatment.
(“Have you within the past 12 months ever feared that you will
run out of food before you can get money to buy more”).
Responding yes to any of the three items was used as an
indicator for poverty.

Descriptive statistics for the sample are shown in Table 1, and
bivariate associations are shown in Table S2 and Figure S1 of
Multimedia Appendix 1. On average, the sample was 51.3 (SD
18.38) years, and approximately half were female (2301/4495,
51.19%). The results of the regression analysis (steps 1 and 2)
are presented in Table 2. Poor mental health was associated
with negative attitudes toward web-based health and social care
services, with regard to all three types of attitudes (step 1). The
association between poor mental health and negative attitudes
was strongest in terms of concern for safety. The associations
were attenuated but remained significant after adjusting for
sociodemographic factors (step 2). In terms of sociodemographic
factors, higher age and lower education were associated with
all types of negative attitudes. Some of the associations of age
were nonlinear, with stronger associations among older
respondents. Being a woman and experiencing poverty were
(weakly) associated with the need for face-to-face encounters
and concerns for safety.

Statistical Analyses
Linear regression analysis was used to examine the associations.
Poor mental health and sociodemographic factors (age, gender,
education, and poverty) were the independent variables, and
the factor scores of the three factors for limiting attitudes were
the dependent variables. Each attitude was examined using a
separate regression model. The analyses were conducted in three
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Table 2. Results of regression analysis.
Predictor

Attitudes
Lack of interest

Need for face-to-face encounters

Concern for safety

Value

P value

Value

P value

Value

P value

Poor mental health, β

.24

<.001 a

.34

<.001

.38

<.001

R2 (%)

1

N/Ab

2

N/A

2

N/A

Poor mental health

.20

<.001

.28

<.001

.31

<.001

Age

.33

<.001

.31

<.001

.29

<.001

Age2

.13

<.001

.06

<.001

.03

.10

Gender (female)

.05

.13

.09

.008

.07

.047

High

Reference

N/A

Reference

N/A

Reference

N/A

Average

.17

<.001

0.11

<.001

.17

<.001

Low

.42

<.001

0.25

.008

.30

<.001

Poverty (yes), β

.06

.15

0.19

<.001

.19

<.001

R2 (%)

23

N/A

14

N/A

13

N/A

Step 1 (n=3459)

Step 2 (n=3200), β

Education, β

a

Significant P values (P<.05) are shown in italics.

b

N/A: not applicable.

Interactions
Regarding the interactions between poor mental health and
sociodemographic factors (step 3), age moderated the association
of poor mental health with a lack of interest in web-based
services (β=.10; P=.03). The association between poor mental
health and a lack of interest was stronger among older adults.

Gender moderated the association between poor mental health
and lack of interest in web-based services (β=−.25; P=.02), need
for face-to-face encounters (β=−.32; P<.001), and concerns for
safety (β=−.28; P=.01). Compared with women, the association
of poor mental health with all types of negative attitudes was
stronger among male respondents. These interactions are shown
in Figure 1.

Figure 1. The interaction (A) between poor mental health and age and (B) between poor mental health and gender in predicting negative attitudes
toward web-based health and social care services.
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Discussion
Principal Findings
This study found a significant difference in attitudes toward
web-based health and social care services between people with
mental problems and others. People with mental health problems
were more likely to be concerned about using web-based
services and have a lack of interest in them compared with other
people. Moreover, they were more likely to consider web-based
services as not being able to replace face-to-face encounters.
The associations between poor mental health and negative
attitudes remained significant, although other factors, such as
age, gender, low education level, and poverty, were included
in the model. Thus, according to our results, poor mental health
is an independent risk factor for negative attitudes toward
web-based services. In addition, we found that older age, low
education level, and poverty increased the criticality of attitudes.
The significance of gender was particularly reflected in the fact
that women emphasized the importance of face-to-face
encounters more than men.
We found that the effects of low levels of education and poverty
were similar among people with mental health problems and
among other people. In addition, our study shows that age has
a significant effect on attitudes toward web-based health and
social care services, both among people with mental health
problems and among other people. Moreover, age intensifies
the association between poor mental health and attitudes. Among
young people, interest in using web-based health and social care
services did not depend on mental health conditions. In contrast,
older people had more negative attitudes toward web-based
services, with poor mental health further increasing this
negativity. Furthermore, gender moderated the association of
poor mental health with attitudes, and the association of poor
mental health with a lack of interest in web-based services, the
need for face-to-face encounters, and concerns for safety was
stronger among men than among women.

Reflection on Results
Mental health services are increasingly digital, similar to other
social and health services. Various web-based therapies have
recently been developed, and public mental health services have
also begun to be provided on the internet. In addition, free-to-use
websites have been built that provide information, tests, and
guidelines related to mental health issues. On the basis of the
results of this study, it is reasonable to assume that individuals
with poor mental health are at risk of digital exclusion and, thus,
also social exclusion. However, they were not cohesive groups.
Previous studies have identified three major themes that
perpetuate digital exclusion among mental health service users:
gaps in knowledge, personal circumstances, such as financial
barriers, and poor mental health [5]. Consistent with this, this
study also highlights the effects of economic factors and mental
health on attitudes toward web-based health and social care
services and, thus, indirectly also on digital inclusion. However,
personal support has been seen as a key factor in improving the
digital inclusion of vulnerable people [5,44].
On the basis of this study, it appears that challenges are
particularly acute for individuals with mental health problems
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who have a lower level of education, are older, or are poorer.
Therefore, personal support related to the use of services should
be targeted specifically for these groups of people. Overcoming
the digital exclusion of people with poor mental health also
requires addressing wider societal issues related to finance and
living circumstances [5].
There are distinctions between age groups because the younger
generations have more positive attitudes toward and trust in
web-based health services, for example, in the treatment of
mental health disorders [25,54]. In fact, the age-related digital
divide is not yet narrowing [10]. It can be assumed that new
digital tools will especially reach young people with mental
health problems. However, for older people and service users
with other risk factors, it is also important that the opportunity
for face-to-face service continues in the future and that adequate
support for the use of digital services is provided. Otherwise,
there is a risk that a significant proportion of clients will drop
out of mental health services.
On the other hand, the level of education and socioeconomic
status play an important role in the adoption of digital services
and use of the internet, even among young people who are
labeled as technologically more savvy than older generations
[7,55]. According to Robards et al [55], marginalized young
people particularly need assistance and guidance to use
digitalized health care services.
Previous studies have shown that the use of web-based services
is related to gender. Although men’s attitudes toward internet
use and technology are generally seen to be more positive than
women’s [9], women are more willing to seek help using
eHealth services [36,39]. The analyses of this study show that
the gender gap is different among people with mental health
problems, as well as among other people. This finding is new
but not entirely surprising. The general interest in using the
internet may also increase men's interest in using general eHealth
services. On the other hand, if a person needs to seek help for
a mental health problem, for example, the situation is likely to
be different because of the stigma associated with the service,
among other things. The greater willingness of women to seek
professional help [35] can also be a significant factor in the use
of eHealth services. However, our findings highlight the need
to pay special attention to men with mental health problems
when developing eHealth services.
The results show that mental health is related not only to general
attitudes but also to more specific attitudes. These results are
consistent with those of previous studies. According to previous
studies, people with severe mental health problems are reluctant
to engage in web-based and mobile phone–delivered
interventions [28]. They experience digital health interventions
merely as complementary methods to face-to-face care [8].
Correspondingly, a study by Mitchell and Gordon [27] showed
that a large proportion of people with depression prefer
face-to-face contact alongside computerized cognitive behavior
therapy. Granholm [16] has suggested that marginalized young
people prefer face-to-face interaction over web-based interaction
when they want to discuss their problems with a social worker,
even if they are otherwise competent in the use of digital
devices. In addition, people with mental health problems have
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been shown to be concerned about the confidentiality of digital
services, having doubts about issues of data protection and
handling [17]. This study found critical attitudes toward
replacing face-to-face interactions with web-based interactions
among people with mental health problems. Similarly, this study
supports the view that vulnerable groups are suspicious of the
confidentiality, safety, and privacy of web-based health and
social care services. In addition to providing face-to-face support
and guidance, issues related to information security and the
reliability of web-based services are seen as key to encouraging
people with mental health problems to use web-based services.
It is important to improve the usability of these services to
promote positive attitudes toward web-based services. This
would be especially important for vulnerable groups, such as
those with mental health problems and older people. Focusing
on better technical solutions, usability, and user needs when
designing solutions has been found to lead to more positive user
experiences [56]. Moreover, improving the usability of the
systems may increase people’s confidence in managing their
health on the web [57].
To attain an inclusive digital society, web-based health services
should meet the particular needs of vulnerable groups. In
particular, there should be a wider understanding of specific
personal vulnerabilities and how they affect web-based health
services [3]. Facilitating digital inclusion among vulnerable
groups means helping them develop skills and confidence in
using technology [24]. Thus, a conscious, considered, and
flexible choice of digital tools and operating environments based
on the client's needs is essential in developing an inclusive social
and health care service culture [16].

Strengths and Limitations
This study is based on an extensive national survey, which
represents the Finnish population quite well. The respondents
of this study were slightly older, more often women, and had a
higher education than those seen in the eligible population [45].
The analysis was based on Finnish data, and therefore, the
results cannot be readily generalized directly to other countries.
Finland is also seen as one of the forerunners in the field of
digitalization, with the national digital Kanta services
performing well and tax-financed universal health care for all
residents. However, this study did not examine any national
specificities in the Finnish social and health care service system,
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but rather digital services in general, which, in turn, helps to
improve the transferability of the results.
As a final consideration, this study relied on self-reported
measures, and consequently, the problems associated with an
inflation of the strengths of relationships and common method
variance may be an issue here. This problem is decreased
because the reliability of the measures we used was quite high.
However, we cannot rule out the possibility of residual
confounding, despite controlling for many factors, including
age, gender, education level, and poverty.

Conclusions
With the digitalization of public services, the importance of
digital inclusion and avoidance of the digital divide is
emphasized. This issue concerns not only digital skills and
access to web-based services but also people’s attitudes. Thus,
supporting the use of web-based services requires both training
and influencing people’s ways of thinking. From the perspective
of digitalization, individuals with mental health problems are
not a cohesive group. Low levels of education, older age, and
poverty pose risks of digital exclusion. In terms of general
attitudes toward web-based health and social care services,
people with mental health problems are no different from those
of young people. However, people with mental health problems
combined with other risks, such as older age, need special
support in using web-based services. According to our findings,
women’s digital attitudes were more negative than men’s,
especially with regard to their attitude about the importance of
face-to-face encounters. On the other hand, among people with
poor mental health, men’s digital attitudes are more negative
than women´s. Thus, it seems that among people with mental
health problems, men seem to be more at risk of digital
exclusion.
In addition to social and digital support, attention must be paid
to social and economic living conditions. In addition, the
development of more accessible, user-friendly, and reliable
web-based health care and social welfare services can influence
people’s attitudes toward web-based services, thereby preventing
digital and social exclusion. Services that combine digital and
face-to-face interactions also play a key role in creating
challenges for the competence of workers in various areas of
health care and social welfare services. In particular, the results
of this study emphasize the importance of guidance and
counseling.
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Abstract
Background: The number of smartphone apps that focus on the prevention, diagnosis, and treatment of depression is increasing.
A promising approach to increase the effectiveness of the apps while reducing the individual’s burden is the use of just-in-time
adaptive intervention (JITAI) mechanisms. JITAIs are designed to improve the effectiveness of the intervention and reduce the
burden on the person using the intervention by providing the right type of support at the right time. The right type of support and
the right time are determined by measuring the state of vulnerability and the state of receptivity, respectively.
Objective: The aim of this study is to systematically assess the use of JITAI mechanisms in popular apps for individuals with
depression.
Methods: We systematically searched for apps addressing depression in the Apple App Store and Google Play Store, as well
as in curated lists from the Anxiety and Depression Association of America, the United Kingdom National Health Service, and
the American Psychological Association in August 2020. The relevant apps were ranked according to the number of reviews
(Apple App Store) or downloads (Google Play Store). For each app, 2 authors separately reviewed all publications concerning
the app found within scientific databases (PubMed, Cochrane Register of Controlled Trials, PsycINFO, Google Scholar, IEEE
Xplore, Web of Science, ACM Portal, and Science Direct), publications cited on the app’s website, information on the app’s
website, and the app itself. All types of measurements (eg, open questions, closed questions, and device analytics) found in the
apps were recorded and reviewed.
Results: None of the 28 reviewed apps used JITAI mechanisms to tailor content to situations, states, or individuals. Of the 28
apps, 3 (11%) did not use any measurements, 20 (71%) exclusively used self-reports that were insufficient to leverage the full
potential of the JITAIs, and the 5 (18%) apps using self-reports and passive measurements used them as progress or task indicators
only. Although 34% (23/68) of the reviewed publications investigated the effectiveness of the apps and 21% (14/68) investigated
their efficacy, no publication mentioned or evaluated JITAI mechanisms.
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Conclusions: Promising JITAI mechanisms have not yet been translated into mainstream depression apps. Although the wide
range of passive measurements available from smartphones were rarely used, self-reported outcomes were used by 71% (20/28)
of the apps. However, in both cases, the measured outcomes were not used to tailor content and timing along a state of vulnerability
or receptivity. Owing to this lack of tailoring to individual, state, or situation, we argue that the apps cannot be considered JITAIs.
The lack of publications investigating whether JITAI mechanisms lead to an increase in the effectiveness or efficacy of the apps
highlights the need for further research, especially in real-world apps.
(J Med Internet Res 2021;23(9):e29412) doi:10.2196/29412
KEYWORDS
depression; digital mental health; smartphone applications; just-in-time adaptive interventions; effectiveness; mobile phone

Introduction
Background
Globally, each year, at least 246 million people are affected by
depression [1], and depression is the leading cause of years lived
with disability [2]. Although effective treatments for depression
exist [3-5], most individuals in need still do not receive effective
treatment [6], or those obtaining treatment do not benefit. People
seeking help often face barriers such as the high costs of
treatment, a shortage of trained clinicians, the stigma associated
with seeking help, and accessibility difficulties [7-10].
Mobile apps may have the potential to address the rising
prevalence of depression and the insufficient resources available
for treatment [11,12]. Apps are already an integral part of most
people’s everyday lives [13], and the threshold for engagement
with apps is assumed to be low, resulting in prompt, flexible,
portable, and anonymous treatment for people with depression
[14]. Individuals otherwise not reachable could receive treatment
[15], and the interventions could be delivered in economies that
have limited resources for mental health treatment [16]. Small
to large effect sizes have been reported by several systematic
reviews that show that apps and other digital interventions
reduce symptoms of mental health problems, including
depression [17-20]. Finally, apps can be used in real-life
situations, where behavior change is most desirable and
clinicians are unable to intervene [14].

Objective
This study aims to complement the existing assessment of apps
that address depression by focusing on the use of just-in-time
adaptive intervention (JITAI) mechanisms [21,22]. JITAIs aim
to deliver an adaptive treatment (ie, personalized or tailored) at
a time of vulnerability (ie, “person’s transient tendency to
experience adverse health outcomes or to engage in maladaptive
behaviors” [21]) and receptivity (ie, “the person’s transient
tendency to receive, process, and use the support provided”
[21]). To be considered a JITAI, an intervention needs to deliver
the content when a state of vulnerability and state of receptivity
are detected. Vulnerability refers to the right time, that is, a
moment of heightened exposure or receptiveness for a negative
health outcome [23]. For example, a JITAI that addresses
depression should deliver an intervention component when
changes in mood are detected. Ideally, the component delivered
should aim to improve the symptom that has been detected. The
treatment must not only be delivered at the right time
(vulnerability) but the recipient also needs to be receptive
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(receptivity). Receptivity refers to the availability, that is, the
detection of the time when an individual can receive, process,
and use the support provided [23]. For a JITAI that addresses
depression, this could be the time when the individual is at home
because delivery of a behavior activation component needs a
safe space.
The measured outcomes used to tailor content and timing along
a state of vulnerability and state of receptivity are referred to
as tailoring variables [21,22]. Although ecological momentary
assessments may facilitate the detection of these tailoring
variables, passive measurements (eg, using the location derived
from a smartphone’s GPS data) are regarded as the gold standard
of tailoring variables for JITAIs. These passive measurements
have the advantage of enabling unobtrusive, continuous
observation [23]. Although tailoring content and timing to the
state of receptivity and state of vulnerability may be possible
by asking ecological momentary assessments (eg, asking through
message, “Would now be a good time to start an activity?”),
the benefit of passive measurements may be that the content
and timing are tailored without deliberate interaction with the
intervention itself (eg, detecting a state of vulnerability and state
of receptivity and sending a notification, “It seems that you are
at home and in a bad mood. Would you like to start an
exercise?”). Therefore, it has been proposed that JITAIs that
tailor the content to the person, situation, and time by using
these passive measurements reduce the burden on users and
increase the effectiveness of the intervention [21,22].
Evidence of the higher effectiveness of JITAIs compared with
that of non-JITAI treatments and wait-list control groups was
investigated in a recent meta-analysis [24], which found
moderate to large effect sizes (Hedges g=1.65 when compared
with wait-list control and Hedges g=0.89 when compared with
non-JITAI treatments) of the primary outcomes produced by
33 empirical studies. Owing to the potential of JITAIs to
increase effectiveness while reducing the burden on users and
the prominence of the JITAI framework in the scientific
community, the aim of this study is to determine the degree to
which popular apps that address depression use JITAI
mechanisms by reviewing which relevant symptoms of
depression (eg, mood) are measured as well as how they are
measured. We are also interested in learning whether
peer-reviewed studies can be found that investigated the
increased effectiveness or efficacy of these apps attributable to
the use of JITAI mechanisms.
To this end, we systematically assessed popular apps that target
depression, that is, apps that have the most reviews on the Apple
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App Store and most downloads on the Google Play Store. We
argue that the investigation of JITAI mechanisms is necessary
because of their potential to increase effectiveness while
simultaneously decreasing the burden on users. The focus on
popular apps is important because they are listed at the top of
search results and thus are very likely to be downloaded and
used [25]. Moreover, a high number of downloads implies that
they have been found to be useful by users [26] and may indicate
that people continue to use or recommend them. Recent evidence
also indicates that the 2 most popular apps for depression and
anxiety were responsible for 90% of the 13.3 million active
monthly users (Headspace with 6,959,000 users equivalent to
52% of the active users and Calm with 5,000,000 users
equivalent to 38% of the active users) [27]. Although the review
by Wasil and Gillespie [27] focused on depression and anxiety
apps, similar user statistics should be observed when focusing
only on apps for depression.

Methods
Search Strategy and Selection Criteria
We conducted this systematic app search and literature review
following the methods used in existing reviews [26,28-30] of
popular apps that address mental health problems. We
systematically identified and reviewed apps that were publicly
available in the US and UK app stores because number of
venture capital backed digital health deals in the first half of
2020 in these countries ranked first (United States: 475) and
second (United Kingdom: 41) of all English-speaking countries
[31]. The Apple App Store and Google Play Store were used
because they have a combined market share of approximately
99.4% [32]. We searched the two stores by entering the term
depression in the search fields of the stores and included all
apps found in both stores of both countries. We also reviewed
curated lists of health apps from prominent organizations,
namely the Anxiety and Depression Association of America
[33], the National Health Service [34], and the American
Psychological Association [35], to ensure that we did not miss
any app recommended by important institutions and experts for
mental health. The apps found in these lists addressed several
different mental health problems. We selected only those apps
that addressed depression for further assessment. The searches
were carried out in August 2020. All apps found regardless of
the category in which they were found (eg, lifestyle), download
category, or number of reviews were included in the initial list
of apps. This list of all the apps found was screened according
to the inclusion and exclusion criteria outlined below.
For further assessment, we included the apps that targeted the
treatment of depression or reduction of the symptoms of
depression by delivering at least one active ingredient and were
available in English. We defined an active ingredient, on the
lines of the study by Michie et al [36], as a function supporting
users in their management of depression that is designed to
reliably and causally change processes that govern behavior
[37]. An example of an active ingredient for depression could
be a goal-setting task, a breathing exercise, or a recording of
daily mood. Apps targeting other mental health illnesses such
as anxiety or posttraumatic stress disorder were not excluded
https://www.jmir.org/2021/9/e29412

XSL• FO
RenderX

Teepe et al
if depression was addressed as well. We included both free and
paid apps. Browser-based treatments were not included. We
excluded apps that only targeted professionals (eg, Depression
Psychopharmacology), only offered a diagnostic service (eg,
Patient Health Questionnaire-9 Depression Test Questionnaire),
only provided quotes or inspirational text (eg, Depression Quote
Wallpapers), or only conveyed information without the goal of
eliciting behavior change or engaging with individuals (eg,
Psychology Book: 1000+ Amazing Psychology Facts).
Keeping the inclusion and exclusion criteria in mind, 2 authors
(GWT and ADF) separately reviewed each app identified from
the initial search for depression apps in the two stores and the
curated lists. The interrater agreement was excellent (Cohen
κ=0.91). In case of disagreements, a consensus was reached
through discussion. After this initial assessment, we ranked all
included apps from the Apple App Store separately by their
number of reviews and all included apps from the Google Play
Store by their download category (eg, 1,000,000+ and 500,000+
downloads). We decided to screen the apps before ranking them
to ensure that the most popular apps for depression—and not
the most popular apps from our initial lists—were included in
the analysis.
Next, we separately identified the most popular apps available
only in the Apple App Store, available only in the Google Play
Store, or available in both stores. For apps only available in the
Apple App Store, we selected the 5 most reviewed apps because
users rarely scroll past the first 5 apps on the list [25]. For the
Google Play Store, we used the download category of the app
ranked fifth on the list (eg, 500,000+ downloads). All apps in
the 500,000+ download category were included. For apps
available in both app stores, we used the Google Play Store’s
500,000+ download category to determine inclusion, regardless
of the number of reviews on the Apple App Store. Regardless
of the number of downloads or reviews, we included all apps
from the curated lists that met the inclusion criteria and did not
violate the exclusion criteria.

Data Analysis
Our evaluation covered the following areas: general information
about the app, potential mechanisms for delivery of the JITAI,
and peer-reviewed evidence. We developed our evaluation
framework before reviewing the apps and used Covidence
Systematic Review software (Veritas Health Innovation Ltd;
version accessed in August 2020) to review the apps. All the
questions are listed in the codebook in Tables S1-S6 of
Multimedia Appendix 1 [21,23,38-48], along with the sources
from which we derived them. Each included app was evaluated
separately by 2 raters (GWT and ADF) as follows:
First, we gathered general information about the apps, including
the name of the provider, additional affiliated organizations (eg,
other companies, universities, governments, or nongovernmental
organizations), and time since last update. Second, we reviewed
the app’s website and recorded all the publications provided as
well as information about JITAIs. Third, we searched for
peer-reviewed publications in PubMed, Cochrane Register of
Controlled Trials, PsycINFO, Google Scholar, IEEE Xplore,
Web of Science, ACM Portal, and Science Direct using the
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search term [(Name AND App) OR (Name AND Application
AND Smartphone)].
Fourth, we reviewed the full text of each study found on the
website and in the different databases. We excluded books,
theses, systematic reviews evaluating several different apps,
and clinical trial registrations. Subsequently, each study was
evaluated in line with prior work [38], including the year of
publication, journal name, journal impact factor, the number of
subjects, study purpose, and study design (ie, randomized
controlled trial or open trial). We also extracted the information
available about the JITAI mechanism. We determined the degree
to which the apps could be considered JITAIs by reviewing
whether, and to what degree, the relevant features derived from
the JITAI concept described in the study by Nahum-Shani et al
[22] had been implemented. In the first step, we reviewed how
potential tailoring variables were measured. In the second step,
we reviewed whether these measurements were used to
determine a state of vulnerability (ie, a moment of heightened
exposure or receptiveness for a negative health outcome) or
state of receptivity (ie, the time when the input could be
perceived, processed, and used). To leverage the potential of
JITAIs, the state of vulnerability and state of receptivity not
only need to be detected through measurements but the treatment
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content and timing also need to be tailored along these
measurements. We assessed how the tailoring variables were
measured by reviewing the symptoms of depression that were
measured (derived from the International Classification of
Diseases, 10th Revision and Diagnostic and Statistical Manual
of Mental Disorders, Edition 5) and the self-report data or sensor
and device analytics (derived from related work [23] from the
Android Developers Guide [39] and the iPhone operating system
Security Guide [40]) that were used. We also reviewed whether
tailoring to traits (ie, “tailoring-to-people” [21]) was used by
checking for questions about demographics and socioeconomic
status. Furthermore, we checked whether receptivity was
measured by GPS location, self-reports, or by measuring
symptoms. As it has been proposed that JITAI mechanisms
increase the effectiveness or efficacy of such apps [22], we
reviewed whether the publications addressed effectiveness or
efficacy and whether JITAI mechanisms were investigated in
these publications.
Finally, we reviewed the app itself and extracted the information
available about JITAI mechanisms. The results from each rater
were compared, and consensus was reached by discussion, if
necessary. We reviewed each app in September 2020, and the
process is illustrated in Figure 1.

Figure 1. Review process for each app. BA: bachelor; JITAI: just-in-time adaptive intervention; MA: master; PhD: doctor of philosophy.

Results
Apps
We found 249 apps in the Apple App Store, 217 apps in the
Google Play Store, 57 apps in both stores, and 135 apps in the
curated list, yielding a total of 658 apps. Of the 658 apps, we
removed 17 (2.6%) duplicates, 349 (53%) apps that did not
mention depression, 123 (18.7%) apps with no active
component, 8 (1.2%) apps that were not accessible, 1 (0.2%)
app not available in English, and 1 (0.2%) app that targeted
professionals. The reasons for excluding each app are presented
in Table S7 of Multimedia Appendix 1. The reasons for
excluding apps because of missing active ingredients were also
summarized and are presented in Table S8 of Multimedia
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Appendix 1 with further details. We ranked the apps found only
in the Apple App Store based on their number of reviews and
included the 5 most reviewed apps. We ranked the remaining
apps found in the Google Play Store and in both stores according
to their number of downloads category. The fifth most
downloaded app in the Google Play Store fell in the 500,000+
download category. Therefore, we included all apps found in
the Google Play Store and all apps available in both Apple App
Store and Google Play Store with more than 500,000+
downloads, yielding 17 apps. We included 6 apps from the
curated lists that met the inclusion criteria of mentioning
depression and did not violate the exclusion criteria, yielding a
total of 28 apps. A flowchart of the results of the review process
is presented in Figure 2.
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Figure 2. Inclusion and exclusion process of reviewed apps. ADAA: Anxiety and Depression Association of America; APA: American Psychological
Association; NHS: National Health Service.

Using methods similar to those used in the study by Baumel et
al [49], we calculated the number of users and reviews covered
by our selection of the top 5 reviewed apps from the Apple App
Store and apps with more than 500,000 downloads found in the
Google Play Store and apps found in both the Apple App Store
and Google Play Store. The calculations are presented in Tables
S9 and S10 of Multimedia Appendix 1 (Table S9 for apps ranked
by their download category and Table S10 for apps ranked
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according to their number of reviews). Using the cutoff point
of the 5 most reviewed apps, we included 91% of the reviews
of the 35 apps found only in the Apple App Store that met the
inclusion criteria. Including the sixth most reviewed app would
have resulted in an increase of 1.97% of the reviews in the
sample. By including apps with more than 500,000 downloads
(ie, the 500,000+ download category), we included 96.7% of
the users of the 118 apps found in the Google Play Store and
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both Google Play Store and Apple App Store that remained
after screening. Including the download category of more than
100,000 downloads would have resulted in an increase of 3%
in the downloads in the sample.

Publications
We found 70 peer-reviewed publications for the 28 reviewed
apps (Multimedia Appendix 1 TableS12) [50-119]. We found
at least one publication for 57% (16/28) of the apps, at least one
peer-reviewed publication investigating the effectiveness of
32% (9/28) of the apps, and at least one peer-reviewed
publication investigating the efficacy of 18% (5/28) of the apps.
Of the 70 publications, although 23 (33%) investigated the
effectiveness of the apps, and 14 (20%) investigated their
efficacy, no publication evaluated an increase in effectiveness
or efficacy achieved by using JITAI mechanisms. The extracted
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information from all the reviewed publications is presented in
Tables S11 and S12 of Multimedia Appendix 1.

Included Apps
The 28 apps included were rated 2,808,465 times, with each
app being rated on average 100,302.32 times (SD 279,723.5;
range 127-1,229,623; median 8,109, IQR 28,310). The average
rating for all apps was 4.44 stars (SD 0.34; range 3.40-4.95;
median 4.50, IQR 0.37) out of a possible five stars. The number
of reviews and average reviews were calculated using weighted
means with information from the Apple App Store and Google
Play Store, if available. Table 1 lists the general information
and JITAI mechanisms of each reviewed app and Table 2
summarizes the 28 apps that were included in the review and
evaluated.
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Table 1. General information and JITAIa mechanisms of the reviewed apps (N=28).
App

Operating system

Number of
reviews

AVRb

NODCc

Symptoms measured and measurements used

Calm

ANDg, iOSh

1,229,623

4.71

10,000,000+

Headspace

AND, iOS

872,025

4.86

Daylio

AND, iOS

328,048

Youper

AND, iOS

Moodpath

Wysa

NSRe
used

NSDAf
used

Activity, mood, unhelpful be4
liefs, sleep, open questions, multiple-choice questions

2

—i

10,000,000+

—

—

—

—

4.62

10,000,000+

Activity, mood, appetite, sleep,
ratings, multiple-choice questions

4

2

—

61,478

4.67

1,000,000+

Activity, mood, interest or plea- 4
sure, sleep, vital signs, location,
open questions, ratings, multiplechoice questions

3

2

AND, iOS

57,011

4.64

1,000,000+

Activity, mood, interest or plea- 7
sure, appetite, unhelpful beliefs,
concentration, sleep, vital signs,
open questions, ratings, multiplechoice questions

3

1

AND, iOS

56,520

4.70

1,000,000+

Activity, mood, interest or plea- 5
sure, unhelpful beliefs, concentration, ratings, multiple-choice
questions

2

—

Friend Shoulder AND

32,847

4.30

1,000,000+

Mood, unhelpful beliefs, suicidal 3
thoughts, open questions

1

—

BetterHelp

AND, iOS

30,592

4.63

500,000+

Mood, unhelpful beliefs, suicidal 3
thoughts, open questions

1

—

Sanvello

AND, iOS

27,536

4.67

1,000,000+

Activity, mood, interest or pleasure, unhelpful beliefs, suicidal
thoughts, sleep, microphone,
open questions, ratings

6

2

1

7 Cups

AND, iOS

20,709

4.29

1,000,000+

Mood, interest or pleasure, cogni- 5
tion, unhelpful beliefs, distorted
perception, open questions, ratings

2

—

Control and
Monitor

AND

16,149

4.50

1,000,000+

Activity, mood, appetite, unhelp- 6
ful beliefs, suicidal thoughts,
sleep, ratings, multiple-choice
questions

2

—

#SelfCare

AND, iOS

14,670

4.57

500,000+

—

—

—

—

Remente

AND, iOS

11,494

4.34

1,000,000+

Activity, mood, open questions,
ratings, multiple-choice questions

2

3

—

Reflexio

AND

8118

4.30

1,000,000+

Mood, open questions, ratings

1

2

—

Moodnotes

iOS

8100

4.70

—

Mood, illogical thinking, camera, 2
open questions, ratings, multiplechoice questions

3

1

Online Therapy—Mental
Help

AND

5979

4.40

500,000+

Mood, unhelpful beliefs, suicidal 3
thoughts, open questions

1

—

InnerHour

AND, iOS

5402

4.50

500,000+

Activity, mood, interest or plea- 8
sure, unhelpful beliefs, concentration, suicidal thoughts, sleep,
ratings, multiple-choice questions

2

—
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App

Operating system

Number of
reviews

AVRb

NODCc

Symptoms measured and measurements used

Happify

AND, iOS

5164

4.21

500,000+

What's Up?—A AND, iOS
Mental Health
App

3446

4.22

MoodAND, iOS
Tools—Depression Aid

3167

DBTj Coach

AND, iOS

CBTk Thought
Diary

NDSd
used

NSRe
used

NSDAf
used

Activity, mood, interest or plea- 8
sure, cognition, unhelpful beliefs,
sleep, illogical thinking, distorted
perception, vital signs, camera,
open questions, ratings, multiplechoice questions

3

2

500,000+

Activity, mood, interest or pleasure, open questions, ratings,
multiple-choice questions

3

—

4.31

100,000+

Activity, mood, interest or plea- 10
sure, appetite, cognition, unhelpful beliefs, concentration, suicidal thoughts, sleep, distorted
perception, ratings, multiplechoice questions, Patient Health
Questionnaire

3

—

3067

4.95

10,000+

Activity, mood, interest or plea- 8
sure, appetite, unhelpful beliefs,
concentration, suicidal thoughts,
sleep, ratings, multiple-choice
questions, Patient Health Questionnaire

3

—

AND, iOS

2182

4.58

100,000+

Mood, distorted perception, open 2
questions, ratings, multiplechoice questions

3

—

T2 Mood
Tracker

AND, iOS

1873

3.40

100,000+

Activity, mood, cognition, unhelpful beliefs, concentration,
sleep, open questions, ratings

6

2

—

Joyable

AND, iOS

1522

4.48

5000+

Activity, mood, interest or plea- 7
sure, appetite, unhelpful beliefs,
suicidal thoughts, sleep, open
questions, ratings, multiplechoice questions

3

—

Breeze

iOS

1313

4.70

—

Activity, mood, ratings, multiple- 2
choice questions

2

—

Moodkit

iOS

159

4.40

—

Activity, mood, appetite, sleep, 4
open questions, ratings, multiplechoice questions

3

—

Catch It

AND, iOS

144

3.66

50,000+

Mood, open questions, ratings,
multiple-choice questions

1

3

—

Feeling Good

AND, iOS

127

3.91

10,000+

—

—

—

—

3

JITAI: just-in-time adaptive intervention.

b

AVR: average rating out of five possible stars.

c

NODC: number of downloads category.

d

NDS: number of depression symptoms.

e

NSR: number of self-reports.

f

NSDA: number of sensors and device analytics.

g

AND: Android operating system.

h

iOS: Apple operating system.

i

App did not measure a symptom, did not use a self-report, or did not use sensors and device analytics.

j

DBT: dialectical behavior therapy.

k

CBT: cognitive behavioral therapy.
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Table 2. Summary of the number of reviews, average rating, download category, and JITAIa mechanisms used by the reviewed apps (N=28).
Sum

Count

Value, mean (SD; range)

Value, median (IQR)

2,808,465

28

100,302.32 (279,723.50; 127-1,229,623)

8109 (28,310)

—

28

4.44 (0.34; 3.40-4.95)

4.50 (0.37)

Download category

42,375,000

25

1,695,000 (3,153,748.43; 5000-10,000,000)

500,000 (900,000)

Depression symptoms

114

25

4.56 (2.47; 1-10)

4 (3)

Self-reports

59

25

2.36 (0.7; 1-3)

2 (1)

Sensors and device analytics

7

5

1.4 (0.55; 1-2)

1 (1)

Reviews
Rating

a

b

c

JITAI: just-in-time adaptive intervention.

b

Out of five possible stars.

c

Not available.

JITAI Mechanisms
We found that, of the 28 reviewed apps, 25 (89%) measured
some kind of depression symptom when users interacted with
the app (eg, initial assessment when starting the app), whereas
3 (11%) did not use any measurements, 20 (71%) used at least
one self-report (eg, daily report of mood changes through a
rating), and 5 (18%) used self-reports and sensors and device
analytics (eg, tracking activity through location data). Figure 3

illustrates the number of depression symptoms measured by
different self-reports or sensors and device analytics for each
of the reviewed apps. Mood Tools—Depression Aid measured
the most depression symptoms (10 different symptoms
measured) while not using any sensors and device analytics.
Happify and Youper measured fewer depression symptoms (eight
and four, respectively) but used two different sensors and device
analytics.

Figure 3. Depressive symptoms measured and frequency of measurements used for each of the 28 reviewed apps. CBT: cognitive behavioral therapy;
DBT: dialectical behavior therapy.

Our findings regarding the use of self-reports and sensors and
device analytics are summarized in Figure 4. We found that a
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symptoms (activity, mood, unhelpful beliefs, and sleep) by using
two different self-reports for each symptom (open questions
and multiple-choice questions), resulting in a symptom
measurement rate of 4.1% (8/196). To measure different
depressive symptoms, self-reports were used almost exclusively
(189/196, 96.4%), and sensors and device analytics were used
rarely (7/196, 3.6%). The self-reports used most frequently to
measure different depressive symptoms were closed questions
consisting of ratings (eg, rate your mood from 1 to 10), Likert
scales (eg, indicate how often you felt sad last week, with the
following options: never, almost never, sometimes, most of the

Teepe et al
time, and always), and multiple-choice questions (eg, select the
activities that made you happy in the last week) for a
measurement rate of 77% (151/196). The measurement rate for
open questions (ie, questions without a fixed response or text
field with open input) was 19.4% (38/196). Of the 3.6% (7/196)
using sensors and device analytics, the most frequently used
were vital signs (mostly heart rate), location and camera with
each 0.5% (1/196) measurement rate. The measurement rate for
the symptom mood (most frequently measured symptom) was
30.1% (59/196), for activity 15.8% (31/196), for unhelpful
beliefs 11.7% (23/196), and for sleep 10.2% (20/196).

Figure 4. Heatmap of measurements used to measure symptoms. The heatmap illustrates the number of times that symptoms of depression were
measured by self-reports or sensors and device analytics, summarized over the 28 reviewed apps. A darker color illustrates a higher number of occurrences,
also indicated by the annotation in the cells. DA: device analytics.

When possible, we tried to match the measurement of the
depressive symptom to a mechanism relevant to the JITAI
concept. We were able to do so for state of vulnerability,
proximal outcomes, distal outcomes, and initial tailoring. Some
of the measurements could have been used as tailoring variables
for two or three JITAI mechanisms. Therefore, it is possible
that double counting of the symptoms and measurements for
each mechanism occurred. Figure 5 illustrates our findings,
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including which measurements were used to measure which
symptom and for which JITAI feature. The figure shows that
some sensors and device analytics were not used as passive
measurements; rather, they were used to actively capture
changes. For example, the camera was used as a measurement
for activity, with users being asked to take pictures of locations
that they had visited or a picture of something that made them
sad to describe their mood.
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Figure 5. Connection among just-in-time adaptive intervention (JITAI) mechanisms, symptoms, and measurements. Sankey diagram illustrating the
different JITAI mechanisms (state of vulnerability, proximal outcomes, distal outcomes, and tailoring variables) for which we were able to match a
depressive symptom (eg, mood) and the measurements used to capture the changes (eg, closed question). The JITAI mechanisms are displayed in blue;
depressive symptoms in orange, green, and purple; and measurements in gray. The size of the rectangle indicates the number of times that the mechanism,
symptom, or measurement was found. The thickness of the connection indicates the number of times that a measurement or symptom was used. Some
measurements have been assigned to two or three JITAI mechanisms; therefore, double counting is possible.

Discussion
Principal Findings
We reviewed the 28 most popular or recommended apps for
depression found in the Apple App Store, Google Play Store,
and in curated lists compiled by respected mental health
authorities. Regarding our main aim to investigate JITAI
mechanisms, we found that none of the reviewed apps
specifically mentioned the use of JITAI mechanisms in the app,
on their websites, or in the identified peer-reviewed publications.
Of the 28 apps, we found that 3 (11%) did not use any
measurements, and 20 (71%) only used self-reports (189/196,
96.4% of all measurements were self-reported). Although such
self-reports can be used as in-the-moment assessments (ie,
ecological momentary assessments) that are closely related to
the JITAI concept [24], we argue that they are insufficient for
leveraging the full potential of JITAIs. Of the 28 apps, we found
that 5 apps (18%) also used sensors anddevice analytics (7/196,
3.6% of all measurements involved sensoranddevice analytics).
However, we found that most sensors such as the camera were
https://www.jmir.org/2021/9/e29412
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used as in-the-moment assessments or as part of an app’s
features; they were not used to tailor the content or timing. Some
of the apps measured depressive symptoms by using self-reports
when the app was first opened to determine what kind of content
should be presented (eg, measuring the need to focus on sleep
or mood). However, these measurements were not used to tailor
the content that was presented afterward. Furthermore, static
tailoring, which has been observed to be less effective than
dynamic tailoring [120], is, in our view, not sufficient for an
app to be considered as a JITAI. Relying on this initial
assessment may also be insufficient because symptoms of
depression seem to change frequently through the day and may
be highly specific to an individual [121].
Interestingly, we found that besides mood (symptom
measurement rate of 59/196, 30.1%) and decreased activity
(symptom measurement rate of 31/196, 15.8%), other symptoms
of depression were measured less frequently. Given the broad
variety and severity of depression [122] and the high
comorbidity with other mental health problems such as anxiety
[123], this focus on a subset of symptoms may not be sufficient
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to detect changes that might indicate a need for support. In
addition, a focus on the improvement of the main symptoms
(eg, mood and activity, derived from the Diagnostic and
Statistical Manual of Mental Disorders, Edition 5) may not be
sufficient to contribute to the understanding of the complex
processes involved in depression. Accurate and continuous
measurements of psychophysiological changes enabled by
passive measurements of various physiological features (eg,
changes in breathing patterns or vital signs) may, however,
improve the understanding of depression in general. Such an
understanding could, in turn, enable an even more successful
implementation of JITAIs.
Related work has shown that user adherence to various mental
health apps dropped substantially after interacting with the app
for only a couple of days [49]. Although details of user
engagement with the apps reviewed in the study by Baumel et
al [49] were not available, several apps that were included in
our study were also included in this review (eg, Headspace,
Calm, Daylio, 7Cups, Happify, Moodpath, and T2 Mood
Tracker). These reviewed apps showed a drastic decline in user
numbers after a couple of days, highlighting the importance of
finding ways to increase user adherence. A proposed key
advantage of a JITAI is to address this challenge of declining
adherence by offering support in times of need and reducing
the burden on the individual. An app that solely relies on
self-reports entered by the user while interacting with the app
cannot achieve this goal. Individuals would need to open the
app and engage with it to enter the responses before tailoring
to the right time could be carried out. Continuously requiring
such self-reports may even be counterproductive to adherence
because of the increase in the burden. Therefore, future work
should address the extent to which JITAIs that tailor content
along passive measurements are capable of increasing
adherence. A comparison among apps that do not use any
measurements, that use static tailoring to measurements, that
use tailoring to self-reports only, or that use tailoring to both
self-reports and passive measurements would be necessary to
determine the benefit of dynamic tailoring with regard to
increasing user adherence.
Considering self-reported questions further by focusing on open
questions, the question arises as to what degree the answers to
these questions could be used to tailor content without any
further use of analytics. Although self-reported closed questions
already suffer from some biases (eg, recall bias and biases due
to mental illness), this shortcoming is addressed by using
different questions to infer an underlying construct and to
validate questionnaires in different samples. In contrast, open
questions may still be limited to measuring symptoms of
depression and need to rely on methods derived from natural
language processing to cope consistently and accurately with
the large amount of data entered. Contrary to closed-question
questionnaires, these methods have not been validated as
rigorously as existing questionnaires for symptoms and symptom
severity. Therefore, it is unclear to what degree open questions
can be used to measure symptoms of depression. Existing work
using free text has focused on using data from other sources to
measure symptom changes. In a recent review by Chancellor
and De Choudhury [124], 75 such studies were investigated. In
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these studies, social media data were used to infer various mental
health problems. The authors share our concern regarding
consistency and accuracy by concluding that construct validity
and lack of reflection may limit the ability to use text to measure
health status. In contrast, passive measurements that could be
derived when users answer open questions, such as keystroke
frequency or pressure on display, have been used to measure
cognitive functions associated with mental health [125].
As stated in the Introduction section, the JITAI concept aims
to tailor content and timing based on the measured state of
vulnerability and state of receptivity. Our results indicate that
the measurements used in the reviewed apps may only serve
for tailoring to the state of vulnerability (eg, mood and activity).
We did not find any measurement that may serve to tailor to
the state of receptivity. Plausible examples of such receptivity
tailoring are still conceivable for both self-reports (eg, asking
whether an individual is alert enough to read a text or complete
a demanding exercise) and passive measurements (eg, detecting
the user’s arrival at home through GPS data and time of day to
trigger a journaling exercise). In general, studies investigating
possible markers to detect receptivity and the effectiveness of
such receptivity tailoring are sparse. This research gap becomes
even more evident when one considers the various studies that
aim to develop passive measurements that could be used to
determine vulnerability [121,126-132] together with the finding
that tailoring to what had a significant impact on the
effectiveness of JITAIs [24].
Other concepts related to receptivity, such as interruptibility
[133], have been investigated in greater detail [134]. In
accordance with the study by Künzler et al [135], we would still
argue that receptivity extends these concepts by combining
concepts such as the willingness to receive an intervention
(interruptibility), engage with the intervention, and process the
provided information. To the best of our knowledge, only the
following studies have specifically focused on investigating
receptivity. The study by Künzler et al [135] developed machine
learning models to predict receptivity in a physical activity
intervention. In the study by Choi et al [136], the authors
describe the results of a 3-week study that they conducted to
investigate the context and cognitive or physical state to
understand the response to the components of sedentary
behavior. The study by Sarker et al [137] used the response to
ecological momentary assessments—but not to an intervention
component—to explore discriminative features for building
machine learning models to detect receptivity and reported
77.9% accuracy. Although these studies used post hoc analysis
to determine receptivity, the study by Mishra et al [134] used
data from the study by Künzler et al [135] to test the two
different models in a real-world study. The authors found that
receptivity increased by 40% compared with the control when
a static machine learning model was used and that a dynamic
machine learning model led to an increase in receptivity over
time, whereas receptivity in the control conditions declined.
These results are promising because they show that with
relatively easily derived information such as time of day or
Wi-Fi connection, receptivity and engagement can be
maintained, or engagement can even be increased over time,
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which is something that mental health interventions have been
observed to struggle with [49].
The finding that most measurements could have been used to
tailor to the state of vulnerability but not to the state of
receptivity may be explained by three considerations. First, as
shown in the study by Wang and Miller [24], the tailoring to
what (ie, both previous behavioral patterns of people and their
current need states) showed significant improvement. However,
results regarding the tailoring to when have not been reported.
Second, most related work aimed at developing markers for
detecting changes in symptom severity or depressive severity
[121,126-132]. Although some of these outcomes may also be
relevant for the state of receptivity, the primary use of these
measurements would be to determine the state of vulnerability
(eg, mood changes detected by voice), distal outcome (eg,
depression severity score calculated by combining different
symptom outcomes), and proximal outcome (eg, sleep quality
measured through vital signs). Finally, as mentioned above, it
seems that receptivity as a concept has been investigated less
often, with related work focusing on concepts such as
interruptibility [133] or detection of boredom [138]. Future
work should focus on transferring the findings on contextual
factors such as interruptibility or boredom by using the day of
the week [138], time of day [138], location [137], or different
proxies for social context (eg, number of calls and messages
sent or received) [138] to investigate tailoring to the state of
receptivity.
Taken together, these findings highlight that although the JITAI
concept seems to be widely known in the scientific digital health
community [24] and different studies outline the possibility of
detecting changes in depression or depressive symptoms such
as mood by using different passive measurements [121,126-132],
these mechanisms have not been implemented in the real world,
aside from baseline or progress assessments. Although tailoring
to both the state of vulnerability and state of receptivity may be
challenging, it is still surprising that no JITAI mechanisms have
been implemented by the reviewed apps. This finding is
especially unexpected given the existing work on passive
sensing and the popularity of the JITAI concept.
Related to these findings, we were interested in the degree to
which the effectiveness and efficacy of the included apps were
investigated in peer-reviewed publications because it has been
proposed that JITAIs increase the effectiveness or efficacy of
such apps. None of the 70 reviewed publications investigated
JITAI mechanisms. Therefore, our findings highlight that the
proposed increase in effectiveness or efficacy achieved by using
JITAIs is not evaluated in real-world app settings. In addition,
we found great variability in the scientific evidence provided
for the reviewed apps—despite an increased interest in digital
health—in several publications addressing this topic, especially
within the last 5 years [26,139,140].

Limitations
The strengths of this study are the large number of apps initially
screened; the analyses using a framework developed from
existing work; and the rigorous methodology used to review all
identified studies addressing the apps, the apps’ websites, and
the apps themselves. However, this study includes several
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limitations. We reviewed the apps at a single point, which is a
shortcoming found in related studies as well. We are aware that
the app stores are dynamic with constant changes [25], but a
long-term review of the apps would not have been feasible. We
may address this issue in our future work. Besides the lists we
reviewed from the Anxiety and Depression Association of
America, National Health Service, and American Psychological
Association, rating systems or lists of reviewed apps are offered
by other organizations, too. These include, but are not limited
to, the American Psychiatric Association, PsyberGuide, and
iMedicalApps. We did not review these lists because we
expected a high number of overlaps and because not all the apps
found in the lists had been reviewed (eg, Dartmouth PATH had
not been reviewed on PsyberGuide when last checked [January
27, 2021]), and not all the apps mentioned in the lists had been
recommended (eg, Mood Watch Review, with low credibility,
user experience, and transparency ratings on PsyberGuide when
last checked [January 27, 2021]). However, we see the value in
a central platform for reviews of mental health apps and suggest
incorporating the findings regarding the use of JITAI
mechanisms into the existing review criteria.
We did not search for apps developed by research groups as
was done in a recent meta-analytic review by Wang and Miller
[24] that evaluated studies addressing the effectiveness of
JITAIs. Their search included, but was not limited to, apps.
Although this work is highly relevant for the field, we argue
that a review investigating the degree to which tailoring is used
in popular apps was necessary. This notion was derived from
findings highlighting that academia has not always kept up with
the high speed of digital health developments in the real world
[41]. In addition, apps developed for research purposes may not
be available to the public, limiting the impact of these apps to
a small number of individuals participating in the review. Our
aim was to investigate whether popular apps that reach many
individuals use these promising mechanisms. Finally, the review
of the apps initially included other aspects such as the use of
evidence-based treatment, conversational agents, and the
revenue model. Reporting these findings would have exceeded
the scope of this review.

Comparison With Prior Work
We found 11 reviews investigating different aspects of the apps
that address depression [14,20,26,27,29,141-145]. Of these 11
reviews, 6 (45%) assessed the content or features of the apps
[14,20,26,29,141,145]; of these 6 reviews, 1 (17%) adjusted its
analysis to the number of users [27]. A meta-analysis focused
on the efficacy of apps for depression, indicating a moderate
positive effect when the apps were compared with inactive
control and a small effect when comparing the apps with active
control [20]. The remaining studies investigated usability [143],
adherence to clinical guidelines [144], claims [142], or data
sharing and privacy practice [142]. A meta-analytic review
investigated the effect sizes of JITAIs compared with control
groups or other interventions, but it did not focus on apps or
mental health [24]. This meta-analytic review indicated that
two aspects of tailoring—tailoring to what and the tailoring
approach—were significantly associated with greater JITAI
efficacy. We found no study investigating the use of JITAI
mechanisms or reviewing the measurements used to capture
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changes when discussing the relevant features of such apps.
Furthermore, we did not find any studies reviewing whether
real-world apps provide evidence of an improvement in their
effectiveness or efficacy achieved by using JITAI mechanisms.

Conclusions
In conclusion, our findings indicate that because of the limited
use of measurements for depressive symptoms, except for
self-reports as indicators of progress or initial tailoring, the 28
most popular or recommended apps that address depression
cannot be considered JITAIs. Although self-reports and,
occasionally, passive measurements were used to capture

Teepe et al
changes in depressive symptoms, these changes were not used
to dynamically tailor the content to a state of vulnerability or
state of receptivity. An increase in app effectiveness or efficacy
achieved by using JITAI mechanisms was also not evaluated
in any of the reviewed publications. Therefore, future work
should focus on evaluating the effectiveness of real-world
JITAIs that tailor their content and timing to the state of
vulnerability and state of receptivity. On the basis of these
findings, we argue that the reviewed apps do not yet leverage
the full potential of digital health interventions by providing
tailored support when it is most needed and in the most helpful
way.
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Abstract
Background: Symptoms of depression are frequent in youth and may develop into more severe mood disorders, suggesting
interventions should take place during adolescence. However, young people tend not to share mental problems with friends,
family, caregivers, or professionals. Many receive misleading information when searching the internet. Among several attempts
to create mental health services for adolescents, technological information platforms based on psychoeducation show promising
results. Such development rests on established theories and therapeutic models. To fulfill the therapeutic potential of
psychoeducation in health technologies, we lack data-driven research on young peoples’ demand for information about depression.
Objective: Our objective is to gain knowledge about what information is relevant to adolescents with symptoms of depression.
From this knowledge, we can develop a population-specific psychoeducation for use in different technology platforms.
Methods: We conducted a qualitative, constructivist-oriented content analysis of questions submitted by adolescents aged 16-20
years to an online public information service. A sample of 100 posts containing questions on depression were randomly selected
from a total of 870. For analysis, we developed an a priori codebook from the main information topics of existing psychoeducational
programs on youth depression. The distribution of topic prevalence in the total volume of posts containing questions on depression
was calculated.
Results: With a 95% confidence level and a ±9.2% margin of error, the distribution analysis revealed the following categories
to be the most prevalent among adolescents seeking advice about depression: self-management (33%, 61/180), etiology (20%,
36/180), and therapy (20%, 36/180). Self-management concerned subcategories on coping in general and how to open to friends,
family, and caregivers. The therapy topic concerned therapy options, prognosis, where to seek help, and how to open up to a
professional. We also found young people dichotomizing therapy and self-management as opposite entities. The etiology topic
concerned stressors and risk factors. The diagnosis category was less frequently referred to (9%, 17/180).
Conclusions: Self-management, etiology, and therapy are the most prevalent categories among adolescents seeking advice
about depression. Young people also dichotomize therapy and self-management as opposite entities. Future research should focus
on measures to promote self-management, measures to stimulate expectations of self-efficacy, information about etiology, and
information about diagnosis to improve self-monitoring skills, enhancing relapse prevention.
(J Med Internet Res 2021;23(9):e28765) doi:10.2196/28765
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Introduction
Background
The highest loss of disability-adjusted life-years (DALYs) due
to depression is seen in mid-adolescence [1]. Previous studies
report a 5.6%-15% lifetime cumulative prevalence of major
depressive disorder (MDD) in youth [2-4]. Recent epidemiologic
studies measuring cumulative prevalence in shorter timespans
reveal rates ranging from 2% to 17.7% [5-9]. Subthreshold
depression and symptoms of depression are found in 9.3%-20%
of adolescents [5,6,10], with studies revealing higher rates in
girls [6]. The subsequent increased risk of early disability,
adverse mental disorders, and suicide later in life [11-16] calls
for intervention at adolescent age [17-21]. Although depression
is frequent among adolescents, they also appear hesitant to talk
openly about mental problems to family, friends, caregivers,
and health personnel [22-24]. Instead, young people increasingly
use social media, online influencers, and internet search engines
to gather health information. Such information may frequently
be misleading, not supported by clinical research, and believed
to suppress help-seeking behavior [25]. When an intervention
opportunity eventually arises, adolescents are inclined to drop
out from therapy [26-28]. Consequently, we must consider new
ways to design relevant and engaging clinical solutions to
stimulate help-seeking behavior and promote therapy adherence
[29]. Several attempts to develop such strategies have shown
promising results [30].
In general, previous studies suggest that accurate initial
information about depression through the realm of
psychoeducation could promote help-seeking behavior and
treatment compliance, self-management, and social functioning
and may alter the course of depression [31,32].
We believe the established clinical principles of psychoeducation
could be used to develop diverse technological solutions for
youth mental health services [33,34]. However, psychoeducation
is characterized by an extensive fauna of therapeutic approaches
and theories, masking the efficacy of its various informational
components [35,36]. To reveal its full potential as a prerequisite
for clinical technologies, such as informational websites, online
therapy, or chatbots, we need to develop population-specific
psychoeducational content targeting adolescents with depression.
The results of this study could also be applied as a basis for a
more extensive toolkit for clinical use in both primary and
secondary health care. Psychoeducation is regarded as an
integral part of different therapeutic strategies, such as cognitive
behavioral therapy (CBT). In the future, we need this kind of
research as a cornerstone to develop novel clinical programs
based on the principals of joint clinical and technological care.

Prior Work
According to previous studies, psychoeducation seems to be
effective in treating depression, although as an integral
component of more extensive therapy programs or fields
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[37-39]. In general, internet-based interventions for depression
and anxiety disorders prove efficacious in adults [31,40]. Similar
solutions also show promising results in adolescents [39,41,42].
Although 2 systematic reviews suggest that psychoeducation
may prevent early onset and support management of adolescent
depression [43,44], more research in this area is needed.
In the literature, the definition of psychoeducation varies. For
instance, defining it as different types of information about the
disease, essential to the patient’s biological, psychological, and
social function [43,44] does not cover all its clinical goals. The
boundaries between passive health information and generic
therapeutic problem solving remain fuzzy. Instead, a more
fruitful path may be to pursue the clinical aims of
psychoeducational intervention: (1) to provide recipients with
health-specific insight and (2) to enhance the level of
self-efficacy [40].
First, to provide insight, psychoeducation could be provided
passively on websites, in written materials, as technological
solutions, as health information prior to further therapy, or in
initial classroom lectures [34,43]. To meet this aim, professional
consensus claims that health-specific insight should contain
crucial elements of information topics about etiology,
prevalence, symptoms and self-monitoring, treatment, natural
course, and therapy prognosis [45,46].
The second overarching aim of stimulating self-efficacy builds
on social learning theory [47,48]. According to this, self-efficacy
is regarded as a necessity for self-management and rests on the
perceived expectation that actions required for coping and
self-preservation are obtainable. Following social learning
theory, measures stimulating self-efficacy expectations are just
as important for therapy as a sturdy working alliance.
To enhance the experience of self-efficacy, the most frequently
used psychoeducational programs extend into the habitat of
CBT [33,34,49,50] and interpersonal therapy [51,52]. Examples
of 2 commonly used programs are the Interpersonal
Psychotherapy program [51] and the multicomponent therapy
course Adolescent Coping with Depression [53]. The first
focuses on social and interpersonal skills as a road map to
symptom relief. The latter developed from the original Coping
with Depression course by focusing on information about
pleasant activities and relaxation exercise, adding an extra
section on parental support and family structure. Later, similar
programs introduced elements of metacognitive therapy and
positive psychology, as well as lessons about cognitive
restructuring, identifying and altering negative beliefs and
thought patterns [49].
Building on these 2 clinical aims, existing psychoeducation
programs are originally developed from established theories
and therapeutic models and their efficacy later tested in clinical
trials. However, data-driven research aiming to improve our
knowledge about what content of psychoeducation is relevant
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and engaging to adolescents suffering from depression remains
severely limited [34,36,45,49,54].
We found only 2 previous studies aiming to fill this knowledge
gap: (1) Bevan-Jones et al. [50] derived psychoeducational
content from focus groups and semistructured interviews with
young persons with or at risk of getting depression. The study
also included parents, caregivers, and professional staff,
suggesting attention toward mood versus symptoms of
depression, possible reasons, self-management, and where to
get help [50]. (2) Bru et al. [49] investigated the user experience
of different components of a frequently used program derived
from the Adolescent Coping with Depression course. In this
study, the program participants found the initial general
information about depression useful. Even if they found the
latter part concerning cognitive restructuring and identification
of thoughts difficult to use, it made them more able to regulate
emotional reactions.

Goal of This Study
Our study ultimately aims to specify what information topics
regarding depression are relevant to young people. Contrary to
the previous studies, we use the spontaneous nature of natural
text data in 870 posts related to symptoms of depression on
Norway’s largest public online information site for young
people. To the best of our knowledge, our study will be the first
to analyze unmoderated data revealing the information needs
of adolescents with symptoms of depression, enabling us to
answer the following research question: What information is
most relevant to adolescents experiencing symptoms of
depression?
This study will contribute knowledge about population-specific
information needs, helping developers employ the full potential
of psychoeducation for technology-based information platforms
and clinical, technological solutions.

Methods
Study Design
In response to the research question and the large amount of
text data, we conducted a content analysis [55] using Crabtree
and Miller’s template approach. The method includes developing
an a priori codebook from the findings of previous research or
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analyses. In this case, to answer the research question, the
codebook consists of topics from existing psychoeducation
programs. The analysis was chiefly deductive in nature.
However, to avoid missing important information, we also
inductively developed new codes to a refined codebook during
the process of analysis. The choice of study design allowed us
to gather insight into what adolescents regard as relevant,
described in their own words in posts concerning depression
submitted by youth to a public information service.

Participants and Data
The service ung.no is the official youth information website
provided by the Norwegian Directorate for Children, Youth and
Family Affairs. The website is available for everyone, although
Norwegian is the only language. The website’s target population
is young people in the age range of 13-20 years. The editorial
staff provides secure, reliable, and relevant information through
online articles and multimedia content such as animated videos,
alongside a question-and-answer (Q&A) section where young
people can choose from a predefined list of topics, such as
economy, education, work, family, social relations, and health.
Through a data transfer agreement between the project and the
Norwegian Directorate for Children, Youth, and Family Affairs,
we gained access to 277,552 anonymized posts written from
the years 2005 to 2018 in Microsoft Excel format. The young
people using the service tag their post with age, gender, and a
main topic from a predefined drop-down list before submitting
it to a staff of nurses, psychologists, and doctors. One of the
topics is mental health and emotions. In the entire dataset, there
were 14,804 posts belonging to this topic. When replying, the
staff tags the questions with 1 or more categories within each
main topic. Each post can contain more than 1 category,
organized in a given order. One of them is the category
depression.
Even though the data are preorganized and exported from SQL
to Excel format, this specific data source is not commonly used
in research. The number of depression posts written by people
belonging to the age category of late adolescence (16-20 years)
was 870. The posts were registered between the years 2007 to
2018, although most of the posts in the sample were written
between 2013 and 2018 (see Figure 1).
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Figure 1. Data collection path.

To identify false negatives, that is, relevant posts not included
in the initial categorization, we applied the Excel randomization
function for a random selection of 150 posts from the entire
dataset of 275,731 nondepression posts. We found only 3/150
(2%). A proportion (24%, 24/100) of the posts in the 100-post
sample did not reveal any symptoms of depression, described
other conditions such as bipolar disorders or personality issues,
or portrayed someone else than the writer. We did not include
these posts in the content analysis.
For further details about the data characteristics, refer to Table
1 and Figure 1. Some posts contained only a single specific
question (see examples of posts in Textbox 1). Others conveyed
a description of the situation and symptoms without any question
at all. A few posts concerned third persons, such as friends or
relatives, suffering from depression, seeking advice on how to
relate. There was also some variation in the questions posted:
Some of them unambiguously pointed to a specific topic. A
significant proportion was polysemantic, disabling analysis
based on computerized text mining, dependent on an
interpretation of the post as a single unit of meaning.
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Overall, the dataset provides unique insight into the information
needs and beliefs about mental health during late adolescence
and young adulthood. Analyzing this type of data has several
advantages for developing technological or clinical programs
specific for this group: First, we identify what information the
target group demands when experiencing symptoms of
depression, asking questions on public information websites,
thereby demonstrating an information need. In contrast to data
obtained through surveys or interviews, user-generated data
from online services or social media are considered less
influenced by the study context and environment, the
relationship with an interviewing clinician, and the state of
mood only at the time of assessment [56]. Second, the posts
could describe narratives covering a longer time frame,
providing a better opportunity for assessing cognitive processes.
Moreover, the writers identify and describe their thoughts in
their own words, at a time when they feel a need to express
them, thus making the data valid for topic relevance valuation.
For these reasons, online user-generated data may be recognized
as an important tool for detecting and analyzing mechanisms
of depression [57,58].
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Table 1. Selected data features.
Data characteristics

Percentage and numbers

Posts included for content analysis

76

Posts revealing no symptoms of depression, other conditions, or describing someone else

Not analyzed: 24% (24/100)

Depression interpretation

Unambiguous: 59% (45/76)
Interpretable: 41% (31/76)

Secondary health care level, when specified

18% (14/76)

Comorbidity described

34% (26/76)

Gender (entire sample, 100 posts)

Boys: 23% (22/97)
Girls: 77% (75/97)
Not specified: 3 posts

Age (entire sample, 100 posts)

16 years: 31% (31/100)
17 years: 24% (24/100)
18 years: 13% (13/100)
19 years: 22% (22/100)
20 years: 10% (10/100)

Mean word count per post (entire sample, 100 posts)

180 (17,997/100)

Textbox 1. Examples of posts, paraphrased before being translated to English.
•

“I'm so depressed I don’t want to live. My father beat my mom and me. I feel that people fail me. I’m sad. I’m sick and tired of not coping. I
started high school, but I can’t keep up. My favorite school subjects aren’t interesting anymore. When I fail, I just give up. I cry a lot. I'm way
too depressed to go to school. I'm in conflict with the others in my class, and cannot go to school when I feel bad, so I stay home. My friends are
always together. But I feel like they'll shut me out. Now I'm no longer invited to things. I deleted everyone on Facebook, then they wondered
why I don’t talk to them anymore. I feel even more sad and want to die. Nobody cares about me. I wonder if I can talk to my girlfriend about
that, but I feel like she will not understand me. Everything I try is useless. I don’t quite know what to do anymore. I've talked to a counselor at
school. He asks me to complete high school, but I can’t. I just want an honest answer about what to do without involving psychologists.”

•

“Hi! I do not feel good enough, not pretty enough. I'm losing myself. I'm not who I once was. Before, I smiled and was never tired. Now I just
want to die. I have suffered from depression since primary school. Lately it has actually been better. I have friends, family and a girlfriend who
cares for me. I still just want to die. Recent weeks I have cried for nothing. I am thinking of taking my life and I'm a bad person to think this way,
that I will leave all the good stuff behind. I have visited a psychologist but cannot open up. The psychologist only tells me things I already know.
No therapists will take me seriously. I always smile and behave nicely, but I do not think it is wise, in fact, I've been thinking about hospitalization.
I’m unstable. I can commit suicide any time. But if I am admitted, they will never listen anyway. I know that. They're just going to send me on
to someone else who's talking about how to get better, just that, to get rid of my anxiety and depression, that simple. All this I know. I'm confused.
All I know is that I want to die. That's why I write. What can I do with my life?”

Procedures
We developed an a priori codebook (Table 2) from the
information topics about the different psychoeducation programs
[45,46,51-53,59], predefining the following upon analysis:
etiology of depressive disorders, frequency, natural course,
therapy prognosis, therapy options, and diagnosis. From the
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interpersonal and cognitive theories, we added the topics of
self-management and social skills [49-51].
From the 870 posts, we randomly extracted 100 for further
analysis using the Excel randomization function. Two raters, a
general practitioner (author KKD) and a psychiatrist (author
JIR), both possessing cognitive therapy education and training,
coded the posts using the NVivo 12 Pro application for
qualitative analysis.
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Table 2. A priori codebook (8 codes).
Codes: questions

Description/beliefs

1. Etiology: Why is it like this?

Beliefs about causality

2. Frequency: Is it common?

Beliefs about the prevalence of depression

3. Course: How will it develop?

Beliefs about the natural course of depression

4. Prognosis: Will it work?

Beliefs about therapy efficacy

5. Therapy: Will therapy make me better, and where can I seek help?

Beliefs about therapy options

6. Diagnosis: What is wrong with me?

Beliefs about diagnosis

7. Self-management: What can I do myself?

Beliefs about coping

8. Social support and participation: How do I open, and where do I seek social support?

Beliefs about the importance of social support

As visualized in Figure 2, we coded both questions and
descriptions into the same corresponding NVivo nodes. To
avoid missing information, each rater established novel codes
containing topics not described in the codebook. We performed
5 iterations. For every iteration, the 2 raters met to discuss the
analyzing process. We developed subcodes for every topic and
agreed upon a refined codebook after every meeting. After 34
posts, no new codes were added, leaving an interim codebook
of 11 codes. We then used the NVivo 12 Pro function
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“Aggregate Coding from Children“ to calculate the reference
count for each of the 11 interim codes and subcodes (Table 3).
The interim codebook went through a final refinement, merging
overlapping codes and subcodes into categories and
subcategories due to similarity of content. The references were
summarized into a total count for each category. Using Excel,
we calculated each category’s reference count proportion within
the 100 posts and the percentage distribution of categories in
the total number of text references.
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Figure 2. Analysis procedure from data selection to results.

Table 3. Interim codebook and new codes with corresponding numbers of NVivo references (11 codes).
Code

Count

Classification

1. Etiology: Why is it like this? (Beliefs about causality)

35

Initial code

2. Frequency: Is it common? (Beliefs about the prevalence of depression)

1

Initial code

3. Course: How will it develop? (Beliefs about the natural course of depression)

12

Initial code

4. Prognosis: Will it work? (Beliefs about therapy efficacy)

10

Initial code

5. Therapy: What kind of therapy? (Beliefs about therapy options)

45

Initial code

6. Diagnosis: What is wrong with me? (Beliefs about diagnosis)

16

Initial code

7. Self-management: What can I do? (Beliefs about self-management)

33

Initial code

8. Social support and participation (beliefs about the importance of social support)

37

Initial code

9. Beliefs about consequences for their parents

7

New code

10. Beliefs about rights and privileges

7

New code

11. Is it normal? (Beliefs about the normality of symptoms)

9

New code
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Statistical Analysis
Applying the Cochran formula [60], we calculated the adequate
sample size (n0) for an infinite population and then used the
additional formula to calculate the sample size (n) of the finite
population of 870 posts (N). Analyzing 100 posts enabled us to
estimate the percentage distribution of each theme in the dataset
of 870 posts with a 95% confidence level (Z=1.96) and a 9.2%
± margin of error (e), providing a 0.5 variance value (P=.5).
For statistical comparison between the sample and the 870-post
dataset, we included all the 100 posts as part of the sample,
including those omitted from the content analysis (24%, 24/100).

Reliability
Regarding reliability, the first rater (KKD) coded the posts. The
second rater (JIR) then went through all the coded posts. In
cases of disagreement, the second rater suggested alternative
coding or a new code. We reviewed all alternative or new coding
in a code meeting for every iteration and generated new codes
in 20% (43/212) of the cases. In all, 3 of the codes remained
unresolved. These 3 codes were omitted from the final analysis.

Reflexivity
During the coding process, we discussed all codes that could
reveal different interpretations. In numerous cases, both raters
could relate connotations to real patients. Such topics were
discussed to overcome biased interpretations. In most cases, the
interpretation was straightforward, built on descriptions of
common symptoms of depression. As far as possible, we strived
to anchor the analysis on unambiguous functions of language,
alongside a clear reference to previous research and theory.

Results
Preliminary Typology
Adding to the codebook (Table 3), we identified 3 new codes:
questions and beliefs about normality, specific rights and
privileges given to people with depression, and how depression
will affect their parents.
As expected, the data revealed little overlap between the a priori
codebook topics, leaving a single category for most of the codes.
Based on social learning theory and text meaning, we interpret
the actions of social support and participation closely related
to the concept of self-efficacy. Hence, we merged the codes and
references in the interim categories of self-management and
social skills into a new self-management category. We did this
for 2 reasons: First, social learning theory does not differentiate
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between the experience of self-efficacy obtained through actions
related to social contact and other types of self-management,
such as physical activities, jobs, and school achievements.
Second, we also find this relation in the dataset revealing an
expectation to manage; however, the adolescents seemed
insecure about how. Consequently, ways of initiating social
interaction and support are described as something they demand
advice about in order to manage on their own, for instance, how
to open up about their mental problems to friends and family.
For the same reason, we added the new interim code beliefs
about consequences for their parents, implying advice about
involving parents, not only as a protective factor against suicidal
and parasuicidal behavior, but also as a measure to support
self-management.
We also merged the references to the codes what kind of therapy
and therapy prognosis into the therapy category, due to the
cognitive demand for information to alter expectations. In the
posts, we found a temporal component in the questions about
therapy, asking what to expect from a therapist or hospital
admission, effects and side effects of medicines, and an overall
demand for information about therapy prognosis in general.
Additionally, the data showed an essential issue in the
polysemantic question “What should I do?” Although not
frequently asked, the question reflects an important finding
discussed later. This category was constructed from references
coded to both self-management and therapy categories in the
original a priori codebook and from one single reference from
the social support code.
The 2 remaining new codes were much less referred to than the
codes in the original codebook. We added 2 of them to the
miscellaneous category.

Estimated Category Proportion (p^) and Percentage
Distribution
In line with the category-constructing process, we applied NVivo
12 Pro to merge the corresponding codes and reference count
with the different categories. We then calculated the estimated
percentage distribution of the entire dataset of 870 posts, as
presented in Figure 3: There was no overlap between the error
bars of each column, meaning a ±9.2% margin of error will not
affect the interpretation of the overall results. Analyzing a
random sample of 100 posts was sufficient to answer the
research question. The categories most frequently referred to
were self-management (33%, 60/180), therapy (20%, 36/180),
and etiology (20%, 36/180) (Table 4).
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Figure 3. Proportion (p^) of posts containing references to each category. Percentage distribution of the total count of references, with error bars
showing a ±9.2% margin of error.

Table 4. Final category content and subcategories after coding and categorization.
Category

Count

Subcategories: beliefs and questions

1. Self-management

60

•
•
•

Coping in general
How to open to friends and family
Beliefs about consequences for their parents

2. Therapy

36

•
•
•
•

Therapy options
Prognosis
Where to seek help
How to open up to a professional

3. Etiology

36

•
•
•

Risk factors
Stressors
Course of events leading to symptoms and behaviors

4. What should I do?

20

•

Manage on my own, as opposed to seeking professional help

5. Diagnosis

17

•
•

Symptoms conflicting with the self-concept
The diagnosis defining the mood

6. Natural course

11

•

The course of depression as something out of control

7. Miscellaneous

11

•
•

Rights and entitlements when suffering from depression
Normality regarding common psychological mechanisms

The self-management category (category 1) was most frequently
referred to, revealing a demand for information about coping
in general, how to open to friends and family for support, and
how to relate to parents and caregivers. The etiology category
(category 2) portrayed questions about risk factors and stressors
leading to depression, as well as descriptions of events leading
https://www.jmir.org/2021/9/e28765
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to symptoms and behaviors. In contrast, the therapy category
(category 3) contained questions and beliefs about therapy
options and therapy prognosis, where to seek professional aid,
and how to open up to a professional regarding mental problems.
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The category What should I do? (category 4) reflected the
equivocalness
of
therapeutic
interventions
versus
self-management. In a proportion of the posts, the narrative led
to the question “What should I do?” This question occurred
almost entirely in the context of the codes what kind of treatment
or self-management. In several cases, this distinction was
impossible to make, and these ambiguous text references were
coded to both categories. One such reference that was coded to
social support and participation also led to the same type of
question. The posts regarding this topic described therapy,
self-management, and social support either as different actions
the writers believed could lead to improvement or as something
they have already tried. Either way, the question did not belong
to any of the a priori codes and revealed new beliefs about what
actions to take when experiencing symptoms. Hence, we
established a separate category for this question, counting each
of the references coded to both what kind of treatment and
self-management as one code in the What should I do? category
(category 4).
The diagnosis category (category 5) consisted of questions and
beliefs about what the symptoms could signify, describing
experiences of being changed and demanding information about
symptoms that resemble a disorder as something separate from
the internal self-concept. At the same time, beliefs and questions
about depression revealed a somewhat fatalistic view about the
diagnosis as something defining mood without allowing
variation, only susceptible to intervention. We found similar
questions related to the natural course category. Beliefs about
the course and prognosis of depression were regarded as
something beyond control, relentlessly worsening the mental
state, eventually resulting in suicidal thoughts.
Some of the new codes detected in the data were not frequently
referred to; however, they were still worth mentioning due to
a possible clinical significance. The code What are my rights?
consisted of beliefs and questions about public financial support
and absence from school and work when experiencing symptoms
of depression. The code Is it common? consisted of questions
and beliefs about disease prevalence, almost nonexistent in the
data (count = 1). We generated a new code Is it normal? for
questions and beliefs about the normality of psychological
processes, complaints, and symptoms.

Discussion
Principal Results
We found that text references most frequently referred to the
categories self-management, etiology, and therapy. The therapy
category contains the subcategories of therapy options and
prognosis, including where to seek initial help and how to relate
to a health professional. However, measures to stimulate
expectations of self-efficacy should also emphasize therapy as
an active guiding process. Although the category of etiology
was 1 of the most referred to, other categories, such as diagnosis
and natural course, could possibly gain higher relative relevance
later in the course of depression, when symptoms are less
intrusive. This also applies to information about diagnosis,
previously thought to improve self-monitoring skills aiming at
preventing relapse.
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Limitations
Our data were most probably influenced by selection bias, as
many of the posts were written by those with self-perceived
severe or persistent symptoms of depression. When we
investigated the information needs of adolescents experiencing
symptoms of depression, we looked for the distribution of
information topics among those asking questions on the online
service. We had to bear this in mind when generalizing to a
population level: These topics were determined relevant to
adolescents with symptoms of depression asking for guidance.
The information needs may not apply to every adolescent with
depression. Rather, when in need of information, this is what
they consider to be relevant. Simultaneously, we did not know
the cognitive and emotional states of the adolescents submitting
the posts. Conditions not apparent in the posts could affect data
quality, for instance, drug abuse, personality disorders, social
phobia, age-related mood swings, and other conditions
commonly associated with unipolar depression, such as anxiety,
bipolar disorders, and physical conditions (chronic pain, myalgic
encephalomyelitis). Furthermore, categorizing the posts
describing depression is only achievable according to
descriptions of symptoms, not severity or persistence. The
DSM-5 and ICD-10 diagnosis classification systems rate severity
according to factors such as duration, loss of function, the
presence of core symptoms, and the number of other symptoms.
In this dataset, the only reliable hint toward severity assessment
is the number of different depression symptoms presented in
each post.
Even if the majority of the posts were written in the years 2013
to 2018, some posts were submitted in 2009 (see Figure 1).
Young people’s language can change, possibly influencing the
way they communicate issues about depression as a social
construct. However, referring to the research question, we
believe the experience of depression symptoms and the
conjoining information needs are less influenced by changes in
language over time. For example, the way young people regard
common variations of mood as symptoms of a disease may be
influenced by a proposed psychologization of youth language,
nourished by education and social media. Nevertheless, referring
to the previous literature, the content of psychoeducation is
rooted in established theories of psychology and has not changed
drastically, describing depression as a condition with biological
presets. We believe the demand for specific information and
the cognitive effect of such information, as described in existing
psychoeducation development, to be consistent and less
dependent on possible changes in language and attitudes.

Comparison With Prior Work
Following the first principal aim of psychoeducation, previous
development does not regard any of the information topics to
be of superior importance. Nevertheless, we found in our study
that psychoeducation should pay extra attention to some of the
components, especially during the stages of depression where
the level of symptoms is high. Since the topics of
self-management and therapy are related to interventions and
support, this kind of information is more relevant to adolescents
when in despair. Regarding our second aim, that of strengthening
self-efficacy, the high prevalence of reference to the therapy
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and self-management categories resonates not only with previous
empirical research [45,49-51,53,61] but also with theory-driven
development.
Interestingly, the principal results of this and other studies
[45,49-51,53,61] could lead us to interpret social learning theory
in a rather new perspective: Considering the spontaneous nature
of self-reporting text data, our findings may indicate an inherent
demand among these adolescents to manage on their own when
experiencing symptoms of depression. Social learning theory
describes self-efficacy as an expectation acquired through
lifelong performance experiences [47]. Self-efficacy, the
subsequent belief that different life challenges are manageable,
is considered a chief ingredient for help-seeking and therapy
motivation. This resonates with a central principle of CBT: the
therapist as a guide to self-management.
When interpreting the content of the category What should I
do?, we suggest that psychoeducation aim at enhancing the
close relation between therapy and self-management, confirming
the role of the therapist as actively underpinning performance
skills [50]. In our study, we interpreted this question as a request
for seeking advice about what to do in the current situation,
referring to either exercises enhancing self-management or
traditional therapy. This is not found in the 2 preceding studies.
The category relates to the research question by conveying
demands for guidance about actions to take when there are no
apparent other options, revealing beliefs about these 2 types of
interactions as opposite entities. Psychoeducation must also aim
at overcoming the dichotomy of therapy versus self-management
and provide information about the close integration of both.
Our study adds to previous research and psychoeducation
development programs [45,50] on the questions and beliefs
about therapy, as it contains the subcategories of where to seek
professional help and how to open up to a professional. These
are topics related to therapy, previously receiving little attention.
Bevan-Jones et al. [50] found both young persons and
professionals appreciating information about whom to contact
for appropriate assistance. The how to open up to a professional
subcategory reflects previous research about help seeking,
suggesting that adolescents do need guidance not only to
enhance social and familial openness and support but also to
know where to seek initial professional help and what to expect
from a therapist. In compliance with the clinical aim of preparing
the patient for therapy [62], they require information about the
role and communicating skills of a professional helper [22-24].
In our analysis of the questions categorized as concerning
etiology, we found the adolescents to be particularly interested
in risk factors and stressors (Table 3). We also found specific
inquiries about etiology, summarized into the question Why do
I suffer from this? Following previous psychoeducation
development, alongside the findings of Bevan-Jones et al. [50],
this question meets the aim of providing recipients with
health-specific insight. It could also be that the adolescents refer
to issues of causality as functions of language constituting an
integral component of the narrative sequence of events leading
to symptoms of depression. This could possibly explain the
relatively high proportion of this topic.
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In relation to the diagnosis category, CBT emphasizes the
importance of self-monitoring skills [63]. Different
psychoeducation programs for adolescents stress the ability to
differentiate symptoms of depression from normal mood swings,
thereby enabling teenagers with depression to seek earlier help
and prevent relapse [45,50]. Although previous development
regards the topic as highly important, we found a relatively
modest attention directed toward symptoms of depression versus
mood variations.
There seem to be mainly 2 ways to interpret this. First, as
previously discussed, questions and beliefs about symptoms
versus mood swings are relatively less relevant when
experiencing symptoms. Second, this topic may have received
less attention due to a lack of knowledge about the difference
between age-related mood swings and symptoms of depression.
Considering the self-reporting nature of the data, this could
explain the low reference rates [34]. Regarding relapse
prevention, we still believe self-monitoring abilities to be an
important topic of psychoeducation and should be introduced
to gain important insight into depression. It seems, however,
more relevant to focus on relapse prevention when symptoms
are less severe.
Considering the clinical implications and future research of our
study, we believe this study can contribute to bringing more
relevant and engaging psychoeducational content to the field
of mental health information for adolescents and young adults.
Initially, by reducing the risk of clinical information overload,
we trust that the empirically derived information content could
reduce program and therapy dropout and increase adherence
when used in different technological solutions [24]. Then, by
paying attention to content relevance, psychoeducation can
focus on information about the disease rather than therapeutic
techniques and theories, leading to the development of simpler
and more efficient technological platforms and applications
[64]. Future studies should focus on developing joint clinical
and technological platforms targeting this population. Such
research involves multiple steps, whereas deriving relevant
information content is only the initial stage. Further research
on machine learning technology, platform interface, and service
design to enhance efficient integrations of data applications and
clinical therapy is needed.
Beyond the scope of this study is also the analysis of specific
cognitive patterns and relationships. We aim at deriving relevant
information. At the same time, we lack empirical knowledge
about the cognitive effects of such information. Using the same
dataset, future analysis could let us investigate the information
topics considering possible cognitive and metacognitive
mechanisms and their ability to alter beliefs about depression.
We also acknowledge a potential benefit in population- and
disease-specific cognitive tools developed from such
self-reporting text data. Text mining and machine learning
analysis algorithms could be used on the entire dataset of all of
the 14,804 posts regarding mental health to analyze
combinations of symptoms and risk factors, alongside patterns
of associated aspects, such as gender, age, social status, and
comorbidity. From this kind of research, we may develop
case-finding technological tools to alert clinicians about signs
of depression in users of different e-mental health solutions.
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This kind of research could possibly enhance our understanding
of which patients are best suited for different kinds of therapy.
Finally, additional research on psychoeducation information
content using other sources of data is required. Previous studies
have used focus groups or individual interviews to ask young
people about information preferences undergoing treatment or
participating in psychoeducation programs [49,50]. One study
also involved the staff, therapists, and parents [50]. We suggest
that future research on psychoeducational content be
supplemented by using different sources of information.
Considering the disadvantages of response bias in interview
and focus group data and the shortcomings in data collection
control using self-reporting observational data, survey studies
gathering information from a broader spectrum of youth could
be considered, for instance, from younger adolescents or young
people without symptoms of depression. We also suggest
supplementary studies using different sources of information
from the internet and social media platforms using the
advantages of participatory observation, such as active
netnographic approaches. Studies such as this could possibly
expand our apprehension of young people’s information needs
and demands. The field requires a broader spectrum of research
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involving different methodologies, data sources, populations,
and people contributing to the complex field of youth mental
health.

Conclusions
We analyzed user-generated online text data from adolescents
with symptoms of depression to investigate what components
of psychoeducation they regard as relevant. For clinical use, we
suggest that developers of psychoeducational content and future
research focus on the following:
•

•

•
•

Measures to promote self-management and information
about therapy options and prognosis, including where to
seek initial help and how to relate to a health professional.
Measures to stimulate expectations of self-efficacy and
portray therapy as an active guiding process, thereby
stimulating help-seeking behavior, motivation, and therapy
adherence.
Information about etiology.
Information about diagnosis to improve self-monitoring
skills and thus to enhance relapse prevention. Emphasis on
this topic may be more relevant when symptoms are less
severe.
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Abstract
Background: The vaccination uptake rates of the human papillomavirus (HPV) vaccine remain low despite the fact that the
effectiveness of HPV vaccines has been established for more than a decade. Vaccine hesitancy is in part due to false information
about HPV vaccines on social media. Combating false HPV vaccine information is a reasonable step to addressing vaccine
hesitancy.
Objective: Given the substantial harm of false HPV vaccine information, there is an urgent need to identify false social media
messages before it goes viral. The goal of the study is to develop a systematic and generalizable approach to identifying false
HPV vaccine information on social media.
Methods: This study used machine learning and natural language processing to develop a series of classification models and
causality mining methods to identify and examine true and false HPV vaccine–related information on Twitter.
Results: We found that the convolutional neural network model outperformed all other models in identifying tweets containing
false HPV vaccine–related information (F score=91.95). We also developed completely unsupervised causality mining models
to identify HPV vaccine candidate effects for capturing risk perceptions of HPV vaccines. Furthermore, we found that false
information contained mostly loss-framed messages focusing on the potential risk of vaccines covering a variety of topics using
more diverse vocabulary, while true information contained both gain- and loss-framed messages focusing on the effectiveness
of vaccines covering fewer topics using relatively limited vocabulary.
Conclusions: Our research demonstrated the feasibility and effectiveness of using predictive models to identify false HPV
vaccine information and its risk perceptions on social media.
(J Med Internet Res 2021;23(9):e30451) doi:10.2196/30451
KEYWORDS
misinformation; disinformation; social media; HPV; human papillomavirus vaccination; vaccination; causality mining; cause;
effect; risk perceptions; vaccine; perception; risk; Twitter; machine learning; natural language processing; cervical cancer
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Introduction
About 13,000 women are newly diagnosed with invasive
cervical cancer and over 4000 women die from it every year
[1]. Cervical cancer is caused by certain types of human
papillomavirus (HPV) [2,3]. HPV is the most common sexually
transmitted infection in the United States with an estimated 6.2
million new infections every year among persons 14 to 44 years
of age [4-6]. In addition to cervical cancer, HPV is the causal
mediator in multiple head and neck cancers, genital cancers,
and anal cancers [7-9]. The overall burden of HPV-associated
cancers has been increasing in the United States [9]. Prevention
of HPV is more challenging than most sexually transmitted
infections as condoms do not provide complete protection
against infection [10]. Hence, prevention through vaccination
is critical in decreasing the burden of cancer due to this
ubiquitous infection.
The HPV vaccine is universally recommended for all
adolescents [10]. Despite the exceptional efficacy (up to 90%
protection) in preventing precancerous lesions caused by the
targeted HPV types [11-13], only 56.8% of 13 to 17-year-old
females and 51.8% of 13 to 17-year-old males in the United
States have completed the HPV vaccine series [14]. There are
many known barriers to HPV vaccination, including
misconceptions about the side effects and adverse events from
HPV vaccines, misbeliefs around the need for vaccines,
inconsistent advice received from health care givers, costs to
complete the vaccination, limited access to clinics, and
violations to cultural beliefs [15-21]. Among these barriers, the
bias in risk perceptions has not only been associated with low
intention of vaccination [22-25] but also with the actual
vaccination behavior [16,22,26-30]. The National Immunization
Survey revealed the top 3 parental concerns of HPV vaccines
to be a lack of knowledge, low perceived usefulness of vaccine
(low perceived risk of HPV infection), and high perceived risks
of side effects and safety concerns [31], underscoring the
importance of risk perceptions in HPV vaccination decisions.
Social media has become an important information source for
people to exchange vaccine-related opinions and form their
attitudes toward vaccines [32-38]. Its impact is striking,
especially for Twitter vaccine information, as HPV
vaccine–related opinions on Twitter have been associated with
actual vaccine acceptance and coverage [39]. Existing research
has investigated the emerging themes and public attitudes toward
the pro- and antivaccine online discussions about HPV vaccines
[19,24,40-44]. Although multiple false conspiracies and myths
around HPV vaccines have been identified, no research has used
an automatic computational approach to extract the causal cues
of the main vaccination arguments used in circulation of HPV
vaccine misinformation. Research has shown that none of
content quality, scientific robustness, or the veracity of the
information has been found to be indicative of the spread of
information, while false or unverified information sometimes
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becomes more viral than true information [45,46]. As attention
to the propagation of false information on social media has
surged [45,47-50], an automatic, systematic, and generalizable
approach to detect socially endorsed false health information
remains understudied. The threats of false information are
critical because the reliance (ie, perceived accuracy) on false
information can be amplified with each exposure to it and further
magnified through social networks [51-53]. People can be
especially victimized by the proliferation of user-generated false
health information given their lack of health literacy,
incompetence in credibility judgments, and the mixed quality
of health news despite the sources cited [54-56]. Hence,
detecting false health information before it propagates is an
important step toward minimizing the threats of false
information [57].
Several works have targeted health misinformation [58,59],
with most studies using descriptive approaches to study known
health misinformation and performing analysis to uncover the
common misbeliefs, demographic and geographic patterns, and
social media user behaviors [25,60,61]. A few studies have
implemented computational models to identify health
misinformation from other social medial platforms (such as
YouTube and Instagram); however, none of them have attempted
to identify health misinformation from short and sometimes
incomplete text information, such as tweets [62,63]. In contrast
with other related work, we combined a classification model
for identifying false HPV vaccine information with unsupervised
causality mining to extract the risk perceptions considered to
be the attributable causes of HPV antivaccine health concerns
based on the content expressed in Twitter messages. To this
end, we conducted an infodemiology study to use natural
language processing and machine learning methods, such as
classification, clustering, dependency parsing, and phrase
mining, to identify those false HPV vaccination arguments that
frequently appear in social media. Our methodological analysis
can be applied to other domains, such as COVID-19 vaccination,
food safety, and politics, to extract insightful information
regarding the differences and similarities between truthful and
misleading claims shared online.

Methods
We collected a corpus related to HPV vaccines with tweets
published from December 2013 until December 2017. We used
the formerly known Crimson Hexagon's (now Brandwatch)
social media analytics application programming interface and
a list of HPV-related search terms, including, but not limited
to, “HPV vaccine,” “papillomavirus vaccine,” “cervical cancer
vaccine,” “HPV shot,” “cervical cancer shot,” and “Gardasil.”
Our modeling pipeline consists of several steps: sampling,
annotation and data preprocessing, training, and analysis (see
Figure 1). The data preprocessing stage includes rule-based
lexical normalization and unsupervised pretraining of word
embeddings.
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Figure 1. Causality mining data collection and modeling pipeline.

First, we randomly sampled 1000 tweets per year and passed
them to 2 annotators in 2 rounds. Both annotators received basic
training about HPV vaccines (including extensive reading of
the verified HPV vaccine-related materials from the National
Cancer Institute, Center for Disease Control and Prevention,
and American Cancer Society), and 1 had formal educational
training in medical sciences. Similar to related work in
misinformation detection [64-66], we framed the task as a binary
classification, in which each tweet is categorized as true or false
information (in which false information includes partial-false
or partial-true information). We thus not only asked the
annotators to judge the veracity of the content for each tweet
but also allowed them to select an additional option as “not
applicable” for tweets that did not fall under any of the 2
categories (eg, opinionated text and other nonfactual or
irrelevant posts). Tweets labeled as not applicable were filtered
out from the annotation pipeline. Any discrepancies of the
ratings from the 2 annotators were reconciled through
discussion. For the interrater reliability, a Cohen's kappa
coefficient (κ) of 0.75, was considered to indicate good
agreement on the task [67]. The resulting data set consisted of
5000 labeled and 702,858 unlabeled tweets. Character lengths
of the tweets, including all mentions, retweets, and hashtags,
ranged from 21 to 826 characters.
To reduce vocabulary size for the lexical normalization steps,
words were formatted in lower case and URLs were removed;
numerals, and Twitter-specific items, such as user mentions
(usernames prefixed by “@”) or retweets, were tagged and
mapped to a common special token per category (ie, NUMBER,
MENTION, RT, respectively). Selected contractions were then
replaced with their canonical forms: for example, “Can't” was
replaced with “Cannot,” “You'll” was replaced with “You will,”
“&” was replaced with “and,” etc. Additionally, hyphens and
forward slashes were replaced with spaces, alphanumeric
pairings were processed, instances of 2 or more user mentions
were reduced to 2 “MENTION” tokens, hashtag quotes and
other types of punctuation were removed, and multiple leading
or trailing white spaces were replaced with a single one. This
process reduced the length of each tweet, which could range
between 18 and 295 characters.
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The final vocabulary size based on the training set was 4098
terms (including 1 vocabulary term representing a blank space).
Analysis of terms weighted by their frequency odds ratio (ie,
the ratio of occurrence in each category) showed certain terms
were overrepresented in the true category but appeared
infrequently in the false category, for example, words that
strongly indicated the effectiveness of HPV vaccines on cancer
prevention spread online, such as “prevent,” “protect,” and
“effective.” On the other hand, false messages contain terms
such as “danger,” “adverse,” and “deadly,” and focus more on
the negative causal effects that are used as arguments for
vaccination.

Results
Classification Model
Word embeddings map discrete word tokens to real-valued
vector representations, where semantically similar words have
similar vectors and are therefore closer in the embedding space.
In general, pretraining of such word embeddings has been found
to be beneficial for several natural language processing tasks,
allowing for faster model convergence and task performance
improvements. Therefore, we trained an unsupervised
embedding model, FastText [68], with our full Twitter collection
as training data and with the aforementioned preprocessing.
Compared to other word representation models, FastText can
produce word vectors for out-of-vocabulary words and has been
proven to be a strong baseline for short text similarity, with its
open-sourced implementation allowing for faster training [69].
More specifically, FastText produced 300-dimensional vector
representations for each term in our vocabulary, which was used
as the initialization for our model's embedding layer. We also
experimented with Wikipedia-pretrained embeddings and
without any pretrained embeddings: our experiments showed
that the model performed better in terms of accuracy when
initialized with HPV-related pretrained word embeddings.
Finally, we divided the annotated data into 60% training, 20%
validation, and 20% testing, keeping the same splits across all
models for a fair comparison. Deduplication of tweets with
exact matches within each set left 3661 tweets in total (2142
for training, 758 for validation, and 761 for the test set). We
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experimented with several model architectures, including
convolutional neural network (CNN) [70], bidirectional long
short-term memory (BiLSTM), and traditional models, including
support vector machine and Naive Bayes. We trained with
cross-entropy, Adaptive Moment Estimation with a 10–4 learning
rate, 0.01 decay, and a 32 batch size for the neural models.
Hyperparameter tuning was performed using the Tune library
[71]. In Table 1, we report the mean and SD of the top-5
performing model variations. Our experimental evaluation
showed that CNNs performed better than did the other models
(see Figures 2 and 3 for respective confusion matrices and the
area under the receiver operating characteristic curve

Tomaszewski et al
comparisons between neural networks). Of the top-5 best
performing models for either of the neural networks, the CNN
required less training time than did the BiLSTM. The mean
training time per epoch for the CNN was 11.5 ms (SD 1.09,
minimum 16, maximum 16, median 12), whereas the mean
training time per epoch for the BiLSTM was 51.3 ms (SD 34.07,
minimum 14, maximum 88, median 81). Our best-performing
CNN model had 256 convolutional filters, including –3 kernels
of width (3,4, and 5) and rectified linear unit nonlinearities; a
max pooling layer, a fully connected layer of 128 units with
rectified linear unit activations and 0.1 dropout, and a final
softmax output layer that produced the classification prediction.

Table 1. Identifying false human papillomavirus vaccine information: classification model comparison.

a

Model

Accuracy

Precision

Recall

F score

SVMa, mean

57.424

57.806

56.721

55.532

Naive Bayes, mean

51.774

52.485

52.301

51.090

CNNb, mean (SD)

91.958 (0.269)

91.953 (0.272)

91.946 (0.271)

91.946 (0.270) c

BiLSTMd, mean (SD)

91.643 (0.432)

91.710 (0.396)

91.574 (0.453)

91.618 (0.438)

SVM: support vector machine.

b

CNN: convolutional neural network.

c

Italics indicate the highest F score in the table.

c

BiLSTM: bidirectional long short-term memory.

Figure 2. Confusion Matrix for best-performing CNN model. BiLSTM: bidirectional long short-term memory; CNN: convolutional neural network.
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Figure 3. ROC for the best-performing convolutional neural network and bidirectional long short-term memory models. AUC: area under the curve;
ROC: receiver operating characteristic.

Causality Mining
To identify the risk perceptions attributed to the HPV vaccines,
we first applied our classifier to a set of 291,037 tweets from
which we are able to tag 124,031 as false tweets and 167,006
as true tweets. Using a dictionary of causal terms derived by
Kayesh et al [72] for Twitter causality detection, we screened
for tweets that contained at least 1 of these terms and kept tweets
classified as false information if the classification confidence
was at least 0.998, as this maintained high fidelity with our

classifier. Thus, a total of 9352 tweets were used for the causal
relationship mining process (Table 2). We then used a
dependency parser for tweets to tag and merge multi-word
expressions [73]. As tweets can have multiple utterances (ie,
independent sentences or fragments), we kept the noun phrases
that appeared with the causal cue regardless of whether they
had a dependency related to the causal cue, which is in contrast
to the work by Kayesh et al [72]. A candidate causal phrase is
a set of terms pertaining to a tweet that contains a causal cue
and precipitates the candidate effect phrase.

Table 2. Number of messages after applying several filters.
Model

False

True

Total

No filter, n

124,031

167,006

291,037

+ Confidence threshold, n (%)

72,172 (58.19)

105,166 (62.97)

177,338 (60.93)

+ Contains causal cue, n (%)

3667 (2.96)

5685 (3.40)

9352 (3.21)

We could then compute the pointwise mutual information (PMI)
for the causal set C = {c1,...,cm} and the effect set E = {e1,...,em}
where the candidate causal phrase, ci and effect phrase, ej, are
sets that contain terms wc∈Vc and we∈Ve, respectively. Here,
Vc is the set of terms, noun phrases, and multi-word expressions
derived from candidate causal phrases in the tweets (excluding
terms with a minimum frequency of 1 and removing stopwords)
and Ve is the vocabulary derived from the candidate effect
phrases.
To compute the PMI for terms we ∈ej and wc ∈ci we have,

We can apply Laplace smoothing to ensure the probability
distributions are nonzero [74] and can compute the normalized
pointwise mutual information (NPMI) [75] as follows:

The range of values of NPMI are from –1 to 1, where –1 means
the terms never occur together, 0 means they are independent,
and 1 is complete co-occurrence.

Collapsing Candidate Effect Phrases and Ranking
Effects
As our model was completely unsupervised and included
retweets, tweet messages could become very redundant, but our
method could detect many near-duplicate candidate effect
phrases. To collapse these phrases, we clustered the terms using
semantic similarity derived from embedding representations of
the candidate effect phrases. In particular, we used the package
HuggingFace [76] to acquire the sum of the last 4 layers of the
bidirectional encoder representations from transformers model
[77]. To compute the word embedding, we then averaged these
word embeddings in the candidate effect phrase to produce the
embedding vectors.
Density-based spatial clustering of applications with noise
(DBSCAN) [78] was then used to cluster the candidate effect
phrases. There were 2 parameters of importance: (1)
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reachability, which is the max distance between the 2 “points”
to be considered in the same cluster; and (2) the minimum
number of “points” to be considered clusters. By points here
we mean an embedded real-valued vector representation of the
effect sets. We set the reachability to 0.1 and the minimum
number of points to 1, as we wanted to retrieve only the closest
semantically similar words while maintaining meaningful
clusters. Note that there are other alternatives to DBSCAN, such
as ordering points to identify the clustering structure (OPTICS)
[79] and hierarchical density-based spatial clustering of
applications with noise (HDBSCAN) [80] for spectral clustering;
however, we only needed to reduce the number of effects
compared at query time, meaning that DBSCAN was sufficient.
We then selected the cluster cores as representatives for each
cluster to collapse the effects.
To identify the perceptions associated with different causal
words, we formulated this as a retrieval problem. Given a
causality-related query q, we ranked the associated effects by
using the NPMI. To compute the scoring function, we used the
following:

This scoring function computes the average NPMI for all pairs
of terms in the query and candidate effect phrase. We can then
compute the cumulative NPMI score for a category Ca of effect
phrases as follows:

Causality Mining Results
To validate the candidate causal mining approach, we took a
lexicon pertaining to risk perceptions (ie, perceived effects)
concerning HPV vaccines. The HPV-Vaccine Risk Lexicon
(HPVVR) is a consumer-facing lexicon to capture how laymen
describe their risk perceptions about HPV vaccines (including
their perceived harms and benefits about HPV vaccines) [81].
The HPVVR was developed in 2 stages. The first stage involved
adopting the risk expressions and HPV-vaccine–related
consumer-facing vocabulary from the Department of Homeland
Security Risk Lexicon, MedlinePlus Consumer Health Topic
Vocabulary, and Consumer Health Vocabulary (Unified Medical
Language System) [82,83]. The second stage was to extract
layman language about the descriptions of risk perceptions
based on the user-generated content (from randomly sampled
user-generated content from 2013 to 2018, including from
Twitter and Facebook) by 2 trained annotators (interrater
reliability: Cohen's kappa coefficient (κ)=0.80). The HPVVR
covers more than 200 terms or phrases across 29 categories of
risk perception-related vocabulary.
This gold standard list of effects, G, was then matched with the
effect set E. In particular, we defined a partial match to be
present if some terms in the ground truth effect phrase were
matched with some of the candidate effect phrase (ie, g∩e ≠
Ø). For example, we mined “prevent throat cancer” from the
data, which is a partial match to “prevent cervical cancer” in
the HPVVR. There were 2 other kinds of partial match. We
defined a match to be proper if the candidate effect phrase was
https://www.jmir.org/2021/9/e30451
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a more specific example of the ground truth effect phrase, g ∈
G. For example, we mined “early onset menopause” from the
data, which is a proper match to “menopause” in the HPVVR.
We considered a reverse match to be present if the candidate
effect phrase was a more general form of the ground truth effect
phrase, e ⊆ g. For example, we mined “fatigue” from the data,
which is a reverse match to “extreme fatigue” in the HPVVR.
Out of a total of 136 ground-truth effect phrases, we found 55
(40.4%) matches, 78 (57.4%) partial matches, 48 (35.3%)
reverse matches, and 103 (75.7%) either partial or proper
matches or both. Meanwhile, there were also some candidate
effect phrases which were newly discovered effects.
As the causality mining method is a completely bottom-up,
unsupervised method, we could automatically mine candidate
effects for any set of tweets. In particular, for the predicted false
tweets, one of the largest candidate effect clusters contained
terms relating to the reactions of different entities, such as
“Japan,” “Denmark,” and “college,” on the potential issues with
the HPV vaccine, such as “recall,” “lose support,” and “banned.”
Another such cluster contained terms relating to infertility
misconceptions of the HPV vaccine, such as “premature ovarian
failure” and “early menopause on young girls.” Another large
candidate effect cluster was about the misconceptions of severe
adverse events and complications, such as “sudden death,”
“paralysis,” and “stroke.” Note that it is possible that some
candidate effect phrases may not be directly related to health
effects. Thus, to alleviate this limitation in further analysis, we
limited the effects to the terms in the ground truth (ie, Ve = G).

Discussion
Principal Results
The performance of the CNN and BiLSTM models used in this
study showed the feasibility of discerning misinformation from
factual information regarding HPV vaccines using the text of
tweets. On average, both models predicted either class with
high confidence. Although both models performed almost
identically in terms of accuracy (and confidence) during testing,
the CNN trained much more expediently than did the BiLSTM
model, leading to its choice as the preferred model.
To examine the risk perceptions pertaining to HPV vaccines,
we leveraged the false information classifier and the effect
ranker. Figure 4 shows the cumulative NPMI scores after our
effect ranker querying for both “HPV Vaccine” and “Gardasil”
was applied. We could categorize these perceptions around the
costs and benefits of HPV vaccines. In general, people discussed
the benefits or low risk of harms in the true HPV vaccine tweets
and various adverse events in the false HPV vaccine tweets.
The main effects associated with the HPV vaccines in the true
HPV vaccine tweets were about the prevention of HPV
infection–related cancer and the denial of risk of increased
unprotected sexual behavior of the vaccinated teens. The main
effects associated with the HPV vaccines in the false HPV
vaccine tweets were regarding infertility-related conditions
(such as ovarian injury), child developmental disorder, death,
and toxic ingredients in the HPV vaccines. Following our
previous work on the patient-driven HPVVR, the findings from
causality mining aided us in identifying the major concerns
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related to HPV vaccines, whose solutions could then be
prioritized.
The results show that false HPV vaccine messages not only
span a wide variety of topics in risk perceptions but also involve
a more diverse vocabulary to describe these topics compared
to the fewer topics and relatively limited terminology found in
true messages. This phenomenon of medical-based term
frequency and topic diversity within false or misleading
messages has also been noted in similar work regarding antiand provaccine literature [84]. A possible explanation for this
discrepancy is that true information requires an evidentiary
consensus, thereby restricting terminology and outcomes to a
specific selection of topics or phrases used to describe these
topics. Misinformation lacks such restrictions to terms or
outcomes and tends to use narrative language or mention novel
topics to gauge attention [46,85].

Tomaszewski et al
We also observed differences in message framing in true and
false HPV vaccine messages through causality mining (see
Figure 4). True information contained both gain-framed and
loss-framed messages, especially those highlighting the
effectiveness of the vaccine at preventing HPV-related cancers,
the link between HPV infection and cancer, and negating the
potential harms of vaccines such as carefree or unprotected
sexual behavior (Figure 4). Conversely, false messages were
largely loss-framed, focusing on negative outcomes purportedly
caused by the vaccine, such as those causing HPV-related cancer
or other serious adverse events (infertility, neurological disorder,
or death; Figure 4). The use of the risk-indicating causative verb
(eg, vaccines “prevent” versus vaccines “harm” or “cause”, etc)
might be diagnostic for differentiating the true and false
information. Future studies should leverage previous findings
on the effectiveness of message framing to examine the impact
of misinformation with different framing [86,87].

Figure 4. The cumulative NMPI scores when querying for “HPV Vaccine” and “Gardasil”. The sections in the bar width correspond to the NPMI
contribution of effect terms for each category. HPV: human papillomavirus; NPMI: normalized pointwise mutual information.

Comparison With Prior Work
Health-related misinformation research spans a broad range of
disciplines [58,59], with several studies focusing on different
medical domains, such as cancer, sexually transmitted disease
and infections, influenza, and more recently, COVID-19
[25,60,61]. In vaccine-related domains, several papers have
examined vaccine behavior as well as geographic and
demographic patterns on the dissemination of antivaccine and
misinformation tweets in social media with respect to autism
spectrum disorder [60], influenza (flu) vaccines [88], and cancer
treatments [89]. Several research endeavors tackle key issues,
such as mitigating label scarcity with additional weak social
supervision signals, improving intractability with attention
https://www.jmir.org/2021/9/e30451
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mechanisms, and leveraging network and group or user
information [65,90-92]. In general, the distinction between
vaccine hesitancy identification and vaccination behavior
detection is that the former involves an attitude or stance, while
the latter is concerned with detecting the action of getting
vaccinated [93]. Our study is more similar to the research in
vaccine hesitancy but differs in that we focused on extracting
causality from tweets through examining risk perceptions;
attributable causes of HPV vaccine–related health concerns or
expected gain; and using natural language processing, machine
learning, and unsupervised causal mining techniques.
We observed that the convolutional models with multiple filter
sizes [70,94] worked better than did BiLSTM models for
domains with short text, such as tweets. Intuitively, the CNN
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architecture captures the most common n-grams (of lengths 3,
4, and 5) and therefore is better at discovering discriminative
text patterns in short text. Although we tested more sophisticated
BiLSTM architectures, overall, the CNN model performed better
than did the other model variations and was faster to train. These
findings can be useful for social media health–related analysis,
in particular with regards to the set of models that practitioners
in this domain should explore for social media text classification.

user-generated language, closely worded instances might have
evaded deduplication. In the future, we hope to address the
shortage of available labeled data by incorporating weak
supervision methods and denoising mechanisms. Nevertheless,
we chose to continue with supervised learning for higher
precision, as weak supervision may result in label noise being
injected into the false information detection models and thus
affecting the subsequent causality mining steps.

With respect to causality mining, early works use hand-coded,
domain-specific knowledge bases [95,96]. A challenge in
identifying causal relations is the variety of ways in which it
can be observed via various linguistic constructions. A previous
study [97] showed that a classifier can determine whether a
causal-verb expression, automatically extracted from predefined
linguistic patterns of the form <noun phrase–verb–noun phrase>
is a causal relationship or not. However, supervised methods
require large amounts of manually annotated causes and effects
and are thus resource demanding. Recent work has compared
unsupervised methods for causal relationship mining including
co-occurrence methods, such as point-wise mutual information,
and discourse cue-based methods, which are based on
information retrieval techniques, to count the number of matches
in a cause-effect query [98]. Such comparisons were performed
on large-scale document collections, and thus their insights are
not applicable to our tasks that, in contrast, have limited amounts
of data. Finally, event causality detection in tweets restricts the
causal relationship mining to certain events of interest. In “Event
causality detection in tweets by context word extension and
neural net” [72], the authors propose an approach to encode
both the candidate causal phrase and the candidate effect phrase
for developing a feed-forward network classifier. Our method
is not restricted to certain events. Most importantly, we focus
on health-related messages pertaining to HPV vaccines, an
approach which can be generalized to other health topics.

Another limitation stems from the misalignment of model
confidence and accuracy. In other words, model confidence
might not be indicative of model correctness, a problem that is
well-known in the machine learning research community [99].
In our experiments, we observed that the BiLSTM model
produced high confidence estimates for most false negatives
(ie, it misplaced more confidence when predicting factual text),
while the CNN model had an equal number of false positives
and false negatives for high-confidence examples.
Approximately 20% of CNN’s incorrect predictions had low
confidence. Overall, the BiLSTM model seems to be
overconfident in one direction and could be potentially
calibrated better. Further analyses on these high-confidence
inaccurate predictions are required to discover interpretable
patterns that can identify misinformation subtopics and
statements that share strong similarities to factual counterparts.

Limitations
One common bottleneck when applying supervised learning
methods is the requirement of large amounts of high-quality
annotated data for training. Due to the complex nature of the
task-at-hand, and the need for extensive manual effort, our data
set size might be restrictive in providing insights that can
generalize across other domains and data sources. Additionally,
due to frequent linguistic variations found in informal

Finally, we should note that any use of additional metadata
requires caution, especially for information that is added by the
user, such as user profile characteristics, as well as reported
timestamps and social network links, as recent studies show
that misinformation spreaders tend to manipulate not only social
network structure by forming groups to increase influence [100]
but also several types of metadata [101]. In this study, we did
not use these types of additional data sources, and thus we can
only interpret content-based results and not along any other
dimension other than the relationships found in the text.

Conclusions
The study has demonstrated a systematic, automatic approach
to developing computational models for identifying false HPV
vaccine–related information and its associated effects on social
media. This approach could be generalized to other social media
health information and provide insights into estimating the
potential effects of a given health topic.
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Abstract
Background: Many social media studies have explored the ability of thematic structures, such as hashtags and subreddits, to
identify information related to a wide variety of mental health disorders. However, studies and models trained on specific themed
communities are often difficult to apply to different social media platforms and related outcomes. A deep learning framework
using thematic structures from Reddit and Twitter can have distinct advantages for studying alcohol abuse, particularly among
the youth in the United States.
Objective: This study proposes a new deep learning pipeline that uses thematic structures to identify alcohol-related content
across different platforms. We apply our method on Twitter to determine the association of the prevalence of alcohol-related
tweets with alcohol-related outcomes reported from the National Institute of Alcoholism and Alcohol Abuse, Centers for Disease
Control Behavioral Risk Factor Surveillance System, county health rankings, and the National Industry Classification System.
Methods: The Bidirectional Encoder Representations From Transformers neural network learned to classify 1,302,524 Reddit
posts as either alcohol-related or control subreddits. The trained model identified 24 alcohol-related hashtags from an unlabeled
data set of 843,769 random tweets. Querying alcohol-related hashtags identified 25,558,846 alcohol-related tweets, including
790,544 location-specific (geotagged) tweets. We calculated the correlation between the prevalence of alcohol-related tweets and
alcohol-related outcomes, controlling for confounding effects of age, sex, income, education, and self-reported race, as recorded
by the 2013-2018 American Community Survey.
Results: Significant associations were observed: between alcohol-hashtagged tweets and alcohol consumption (P=.01) and
heavy drinking (P=.005) but not binge drinking (P=.37), self-reported at the metropolitan-micropolitan statistical area level;
between alcohol-hashtagged tweets and self-reported excessive drinking behavior (P=.03) but not motor vehicle fatalities involving
alcohol (P=.21); between alcohol-hashtagged tweets and the number of breweries (P<.001), wineries (P<.001), and beer, wine,
and liquor stores (P<.001) but not drinking places (P=.23), per capita at the US county and county-equivalent level; and between
alcohol-hashtagged tweets and all gallons of ethanol consumed (P<.001), as well as ethanol consumed from wine (P<.001) and
liquor (P=.01) sources but not beer (P=.63), at the US state level.
Conclusions: Here, we present a novel natural language processing pipeline developed using Reddit’s alcohol-related subreddits
that identify highly specific alcohol-related Twitter hashtags. The prevalence of identified hashtags contains interpretable
information about alcohol consumption at both coarse (eg, US state) and fine-grained (eg, metropolitan-micropolitan statistical
area level and county) geographical designations. This approach can expand research and deep learning interventions on alcohol
abuse and other behavioral health outcomes.
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Introduction
Background
Alcohol-related causes are the third leading preventable cause
of death in the United States, and alcohol abuse contributes to
many adverse health outcomes, particularly on the developing
brain [1-4]. The rise of alcohol-related content on Twitter is
alarming, with over half of young adults participating in a study
[5] posting alcohol-related content. Social media use and alcohol
consumption are common behaviors; the prevalence rates of
Twitter, Reddit, and annual alcohol use for US adults are 22%,
11%, and 70%, respectively [6,7]. Internet- and social
media–based interventions are scalable and efficient approaches
for developing practical tools for treating and monitoring alcohol
abuse, especially for at-risk adolescents and young adults [8-14].
However, identifying high-risk areas for efficient and helpful
monitoring along with population-level interventions remains
a difficult task, in part because of survey bias [15-17].
Text-based hashtags are common among many popular social
media platforms such as Twitter, Instagram, and TikTok.
Individuals use hashtags to categorize, label, organize, and
discover posts and content [18]. Previous studies have indicated
that study-specific hashtags are useful for mental health research
[19]. For example, sexual abuse and harassment (#MeToo),
breast cancer (#breastcancer), HIV (#HIV), miscarriages
(#ihadamiscarriage), tobacco use (#Vapelife), and viral
pandemics (#COVID-19) are some of the many important health
outcomes that have been previously studied using hashtags on
Twitter [20-28]. Other social media platforms such as Reddit
contain specific themed communities where interested users
discuss a particular topic. In contrast to hashtags, themed
communities on websites such as Reddit represent posts related
to exactly 1 topic of interest. Like hashtags, these communities,
such as r/cripplingalcoholism, r/depression, or r/opiates Reddit
subreddits and HIV Baidu Tieba bar, contain information that
can target and understand behavioral health and disease [29-33].
In addition to hashtags and subreddits, some social media
platforms allow for geotagging or sharing a user's geographical
latitude and longitude coordinates in a post. Geotags have been
used in social media research to identify geographically relevant
information from social media data [34-36].

Previous Work
Although prior studies have identified specific hashtags or
themed communities for studying behavioral health outcomes,
many insights are platform-specific. Although helpful
information regarding a behavior of interest or themed
community may be available on one platform, there may not
be such knowledge available on a different platform. Many
previous methods examining alcohol content on social media
use data from a single platform [5,37-42]. Single-platform
analyses may limit discoveries and interventions to only a
fraction of the population at risk. There is a growing need for
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behavioral health researchers working with social media data
to incorporate analyses from many sources [43,44]. Although
some studies have examined alcohol content on multiple
platforms, many methods need survey data from known active
users from each source or additional manual annotation [45-47].
The ability and insights gained from using deep learning
methods to learn from a large number of posts from specific
communities (ie, Reddit subreddits) to predict alcohol-related
content on a different platform (ie, Twitter) remain unclear.
Many previous studies that identified alcohol-related language
on social media platforms relied on training on extrinsic labels,
such as survey responses. Reliance on self-report data is
problematic as alcohol consumption is subject to bias,
particularly among the youth [15,16,48]. In addition, approaches
that use an outcome of interest to both train and evaluate a model
(eg, identifying and evaluating alcohol-related hashtags or
keywords based on enrichment in regions with higher
self-reported alcohol content) may not be generalizable to other
related outcomes [49].
Other approaches for studying alcohol content involve
identifying a sample as being alcohol-related based on the
identification of keywords. Keyword approaches have distinct
benefits, such as interpretability. However, identifying text from
keywords may rely on standard and predefined terms (eg,
searching drunk), training on self-report data, or manual review
[37,42,49-51]. Classification of social media posts based on
previously defined keywords or vector representations (eg,
Word2vec) is not as useful when the average length of sequences
is small and has out-of-training vocabulary [52-54]. Training
on nonspecific platform information alone may fail to capture
relevant keywords, especially for rarer outcomes not prominent
in the heterogeneity of random and unlabeled social media
chatter [55]. In addition, predefined keywords or word vectors
may fail to capture slang or the different language structures
between Reddit and Twitter [56].
One recent contribution in natural language processing (NLP)
is the Bidirectional Encoder Representations From Transformers
(BERT) neural network, which has demonstrated superior
performance on a wide variety of social media NLP tasks
[57-61]. BERT focuses on learning by analyzing sentences with
randomly masked words. This masked language model
deconstructs larger strings into smaller tokens and is ideal for
dealing with hashtags and other platform-unique token structures
[57]. Before developing BERT, previous models, such as
long-short–term memory networks, logistic regression,
Word2vec similarity, and latent Dirichlet allocation, were not
well suited to process unknown words and hashtag structures.
For example, some previous NLP studies on social media either
removed hashtags, represented them as universal tokens, or
removed # from strings, with no importance given to hashtags
(eg, #ilovebeer represented as “ ” (space), HASHTAG, or
ilovebeer, respectively) [62-64]. In contrast, using hashtags and
themed communities as explicit labels in a deep learning
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architecture allows for identifying relevant, platform-specific
hashtags that can identify posts that indicate the behavior of
interest. In addition, the use of these structures adds a layer of
interpretability to our trained neural networks, which are
commonly criticized as noninterpretable black boxes [65].
Other previous social media text mining methods implementing
deep learning often involve training platform-specific models.
One issue with this approach is that each platform’s training
models require an extensive amount of usually labeled data
from that platform [66-72]. In addition, although deep learning
models have been successful at many tasks, training
platform-specific deep networks such as BERT (containing
>100 million parameters) is extremely energy- and
cost-intensive, and CO2 emissions from training BERT models
have raised concerns about their environmental impact [73].
Optimal methods for translating information from previously
trained social media deep learning models to discern insights
from separate social media platforms remain a relatively
unexplored research area.

The Goal of This Study
We aim to examine the effectiveness of using thematic structures
in a deep learning framework to identify alcohol-related
behaviors across different social media platforms. First, we
trained on Reddit subreddits to identify alcohol-related targets
on another social media platform (Twitter) with a different
thematic structure (hashtags). Next, we determined whether the
hashtags predicted by the model correlate to known
alcohol-related outcomes, including self-reported drinking status,
alcohol outlet density, and estimated gallons of ethanol

Ricard & Hassanpour
consumed, after controlling for confounding effects of age, sex,
income, education, and self-reported race. We show that these
data-driven hashtags contain interpretable information about
alcohol consumption in the United States. Finally, we present
validated and queryable hashtags from our model that behavioral
health researchers can use as a starting point for the
identification of alcohol-related content on Twitter, Reddit, and
other social media platforms.

Methods
Overview of the NLP Pipeline
This study fine-tuned a BERT neural network as a binary
classifier to predict Reddit post titles as belonging to either
alcohol-related communities or a random subreddit. Next, we
applied the Reddit-trained network to a smaller set of random,
unlabeled Twitter posts to identify 24 hashtags that were
significantly associated with alcohol content. We identified
25,558,846 tweets that contained at least one alcohol-related
hashtag for the period between 2010 and 2019. A total of
1,412,041 alcohol-related tweets included latitude and longitude
data from geotagging. The locations of 790,544 geotagged
tweets from 2929 US counties and county equivalents were
identified using data from the 2017 US Census Shapefiles
database [74,75]. Finally, we examined the relationship between
the prevalence of alcohol-related tweets per population and
various outcome measures related to alcohol consumption,
including self-reported alcohol consumption and alcohol outlet
density. Figure 1 demonstrates an overview of our NLP pipeline.
Figure 2 illustrates the choropleth of population-normalized
alcohol-hashtagged tweets for US states and Washington, DC.

Figure 1. Overview of the methodological pipeline. A bidirectional encoder representation from transformers model trained to classify posts as either
18 alcohol-related or control subreddits. The bidirectional encoder representations from transformers model was applied to a set of tweets containing
at least one hashtag. The prediction results were analyzed to find 24 significantly enriched hashtags as positive predictions (ie, prediction probability
≥0.5). Tweets posted between 2010 and 2020 with an alcohol-related hashtag were collected and filtered on geotagged location. BERT: Bidirectional
Encoder Representations From Transformers.
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Figure 2. Choropleth of the US state and Washington, DC tweets with alcohol-related hashtags per 10,000 persons.

Reddit Data Set and BERT Training
A large amount of alcohol-related training data were extracted
from Reddit subreddits with the pushshift application
programming interface (API) previously used in social media
research [63,76]. On a subreddit, community moderators create
description texts that contain links to other, usually related,
subreddits. Scraping the description pages for all subreddits
containing at least 1000 posts for any links to r/drunk, one of
the most popular alcohol-related subreddits, and all links from
r/drunk to other subreddits yielded 17 alcohol-related subreddits.
A total of 651,271 post titles from the following 18 subreddits
were used as positive alcohol labels for model training:
r/cripplingalcoholism, r/vodka, r/oldtimehockey, r/alcohol,
r/beer, r/bourbon, r/homebrewing, r/drinkinggames, r/wine,
r/beercirclejerk, r/gin, r/scotch, r/liquor, r/showerbeer,
r/absinthe, r/firewater, r/beercanada, and r/drunk.
Negative alcohol (control) posts were gathered by querying
651,271 random posts posted in all other subreddits, excluding
the 18 alcohol-related subreddits. Training 79.99%
(521,016/651,271), validation 9.99% (65,127/651,271), and
testing 9.99% (65,127/651,271), data sets were generated for
developing and evaluating the model—a binary classifier trained
for posts belonging to either alcohol-related subreddits or other
random subreddits. The model fine-tuned a pretrained BERT
model with 12 layers and 768 hidden units in PyTorch on an
NVIDIA TITAN Xp graphics processing unit using a batch size
of 64 for approximately 5 weeks [77].
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Twitter Data Set and Identification of Hashtags
The Twitter API provides tweet information from 7 days before
a query. Randomly selected tokens in the Twitter GLoVE word
embedding dictionary and their respective hashtags (ie, a string
that starts with #) were queried using the Twitter API to identify
recently posted tweets containing that word or hashtag [78].
Each identified hashtag in the data set was requeried to ensure
that it was monitored for at least 2 weeks. The initial random
Twitter data set comprised 843,769 random hashtag-containing
tweets posted between January 2019 and October 2019. The
Reddit-trained BERT model was applied to this data set to obtain
binary predictions for each tweet. A chi-square test identified
24 significant alcohol-related hashtags from posts predicted to
be alcohol-positive (ie, final softmax layer prediction P value
of ≥0.5) relative to posts predicted as negative (ie, final softmax
prediction P value of <0.5) using a one-tailed greater test. We
included only hashtags with 5 or more occurrences and applied
the Benjamini-Hochberg algorithm for multiple hypothesis
correction using a 0.05 false discovery rate, a common approach
for multiple hypothesis corrections in social media data analyses
[37,42,79-85]. The analysis resulted in 24 hashtags, as indicated
in Textbox 1. GetOldTweets, a Python package widely used in
social media research, was used to identify 25,558,846
alcohol-hashtagged tweets posted throughout 10 years (between
2010 and 2020) containing at least one significant
alcohol-related hashtag [55,86,87].
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Textbox 1. Alcohol-related hashtags extracted by our Reddit-trained classifier according to alcohol category.
Beer hashtags
•

craftbeer, beer, ncbeer, brewery, stout, beeroclock, beergeek, beerporn, beers, instabeer, beertime, beerstagram, beerlover, beersnob

Wine hashtags
•

winetasting, wine, winelover, wines, redwine

Liquor hashtags
•

bourbon, whiskey, whisky

Multiple or ambiguous hashtags
•

drinklocal, drunktwitter

Geographical Identification of the Prevalence of
Alcohol-Related Hashtags
Next, we tested whether the knowledge of 24 significant alcohol
hashtags could uncover information on alcohol-related outcomes
in the United States. Alcohol-hashtagged tweets were filtered
to 790,544 geotagged tweets containing longitude and latitude
coordinate locations and mapped to metropolitan-micropolitan
statistical areas (MMSAs), US county and county equivalents,
and US states and Washington, DC. The total number of
alcohol-hashtagged tweets in an area divided by the mean of
the population estimates from the 2013-2018 American
Community
Survey
yielded
population-normalized
alcohol-related hashtag prevalence.
We then tested the association between geographical prevalence
of alcohol-related hashtags and alcohol outcomes. Spearman
rho, a ranked nonparametric measure that is more robust to
outliers than Pearson correlation, is used to report crude
(nonadjusted) correlations [88]. Potential confounding variables
previously studied in alcohol and social media use include race
and sex distribution, median age, education, and income [37,89].
A linear regression analysis evaluated the relationship between
the number of tweets per population and alcohol-related
outcomes after including terms to control for confounding
effects. Specific confounding variables from the 2013-2018
5-year American Community Survey report included Percent
Reporting White, Percent Reporting Black, Percent Reporting
Hispanic, Median Income, Percent High School Education,
Percent Bachelor's Degree Education, and Males/100 Females
[90]. All alcohol outcomes and confounding variables
represented the most recent estimation of alcohol consumption
and related behavior at the time of this study.

Metropolitan-Micropolitan Statistical Areas
MMSAs are US Census Bureau designations of concentrated
urban centers that may be the integrated areas of multiple cities
and states (eg, the single Washington-Arlington-Alexandria,
DC-VA-MD-WV MSA contains 3 US states and Washington,
DC) [74]. The Behavioral Risk Factor Surveillance System
publishes reports of survey responses at selected MMSAs for
the following categories [91]:
•

any alcohol consumption, defined as at least one alcoholic
drink in the last 30 days;
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•
•

binge drinking behavior, defined as drinking >5 drinks in
1 event for men or >4 drinks in 1 event for women;
heavy drinking, defined as drinking >1 drink per day for
women or >2 drinks per day per man;

All yearly records from 2010-2019 for each MMSA were
averaged to obtain a single number for outcome measurements.

US County and County Equivalent
Primary US county outcomes were gathered from the University
of Wisconsin Population Health Institute County Health
Rankings and Roadmaps 2020 data, which included the
estimates of excessive drinking, defined as the percentage
reporting either binge or heavy drinking behavior as well as
measurements of the percentage of motor vehicle fatalities that
involved alcohol for the period between 2013 and 2018 [92].
In addition, data from the North American Industry
Classification System provided by 2017 County Business
Patterns (US Census) was used for the number of Drinking
Places (Alcohol Beverages); Wineries; Breweries; and Beer,
Wine, and Liquor stores (North American Industry Classification
System codes 722410, 312130, 312120, 445310, respectively)
present in each county [93]. Counties were included if they
contained at least one tweet and an average reported population
>1000 between 2013 and 2018.

US States and Washington DC
Twitter posts containing alcohol-related hashtags were
aggregated by state and compared with the National Institute
on Alcohol Abuse and Alcoholism's 2018 report, Apparent Per
Capita Alcohol Consumption: National, State, and Regional
Trends. This report predicts gallons of ethanol consumption
based on alcohol sales and taxation data, separated for the
consumption of wine, beer, or liquor products [94]. To determine
which hashtags may be useful for detecting individual
preferences of alcohol consumption, we calculated the
correlation between the consumption of alcohol from different
sources of alcoholic drinks (beer, wine, and liquor) and the
prevalence of 19 beer, 5 wine, and 3 liquor-specific hashtags,
as indicated in Textbox 1.

Results
Table 1 demonstrates the results from the analysis of
alcohol-related hashtags and alcohol-related outcomes. The
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number of geotagged and alcohol-hashtagged tweets per
population significantly correlated with many alcohol-related
outcomes, including self-reported measures of individuals (1)
reporting any alcohol consumption within 30 days (P<.001),
(2) meeting the criteria for heavy drinking (P<.001), and (3)

meeting the criteria for binge drinking (P<.001) at the MMSA
level (Figure 3). However, the relationship between MMSA
tweets and binge drinking level was not significant after
adjusting for confounding effects (P=.37).

Table 1. Spearman correlation and linear regression results between the number of tweets per population and alcohol-related behavior and health
indicators.
Outcome

Spearman correlation

Adjusted regression

Sample size, n

ρ

P value

Coefficient β

P value

Alcohol consumption

0.526

<.001

1038

.01

179

Binge drinking

0.355

<.001

184.0

.37

179

Heavy drinking

0.387

<.001

244.8

.005

179

Excessive drinking

0.377

<.001

32.8

.03

2641

Percentage of alcohol motor vehicle fatality

0.063

.002

110.0

.21

2641

Drinking places (alcoholic beverages) per capita

−0.177

<.001

−2.18e–03

.23

1479

Breweries per capita

0.263

<.001

1.86e–03

<.001

334

Wineries per capita

0.130

.05

2.73e–02

<.001

228

Beer, wine, and liquor stores per capita

−0.043

.11

0.0039

<.001

1444

Wine, gallons of ethanol per capita

0.756

<.001

74.11

<.001

51

Beer, gallons of ethanol per capita

−0.050

.73

9.911

.63

51

Liquor, gallons of ethanol per capita

0.320

.01

62.54

.03

51

All sources, gallons of ethanol per capita

0.437

<.001

146.6

<.001

51

Metropolitan-micropolitan statistical area

County and equivalent

US states and Washington, DC, all hashtags

US states and Washington, DC, hashtags stratified by alcohol category
Wine, gallons of ethanol per capita (5 hashtags)

0.754

<.001

214.6

<.001

51

Beer, gallons of ethanol per capita (19 hashtags)

−0.001

.99

16.05

.63

51

Liquor, gallons of ethanol per capita (3 hashtags)

0.140

.33

338.0

.01

51
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Figure 3. Metropolitan-micropolitan statistical area correlations for alcohol-hashtagged tweets and percent self-reported alcohol consumption. (A)
Number of alcohol-hashtagged tweets and self-reported alcohol consumption within 30 days (N=179); (B) number of alcohol-hashtagged tweets and
self-reported binge drinking within 30 days (N=179); (C) number of alcohol-hashtagged tweets and self-reported heavy drinking within 30 days (N=179).

There was a significant correlation between the percentage of
motor vehicle deaths reported as involving alcohol (P<.001)
and aggregated measures of excessive drinking behavior
(P<.001) at the county level (Figure 4). However, the
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relationship between alcohol-related motor vehicle fatalities
and county tweets per population was not significant after
adjusting for confounding effects (P=.21).
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Figure 4. County- and county-equivalent–level correlations for alcohol-hashtagged tweets, alcohol motor vehicle fatalities, and self-reported excessive
alcohol consumption. Counties are included if they contain at least one tweet and 1000 people (N=2641). (A) County-level correlations for
alcohol-hashtagged tweets per population and percentage of motor vehicle fatalities involving alcohol. (B) County-level correlations for alcohol-hashtagged
tweets per population and percent self-reporting excessive drinking (reporting either more than five alcoholic drinks on a single occasion for men or
more than four alcoholic drinks on a single occasion for women, or more than two drinks per day for men or more than one drink per day for women).

There was a significant correlation between the number of
alcohol-hashtagged tweets and wineries (P=.05), breweries
(P<.001), and drinking places (alcoholic beverages; P<.001)
but not beer, wine, and liquor stores (P=.11) per capita at the
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county level (Figure 5). However, after adjusting for
confounding effects, there was a significant association between
alcohol-related tweets per population and beer, wine, and liquor
stores (P<.001) but not drinking places (P=.23) per capita.

J Med Internet Res 2021 | vol. 23 | iss. 9 | e27314 | p.659
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Ricard & Hassanpour

Figure 5. County- and county-equivalent–level correlations for alcohol-hashtagged tweets per person and alcohol-serving outlets, as reported by the
North American Industry Classification System. Counties are included if they have at least one (1) tweet in our data set, one (1) alcohol outlet, and
contain a population of 1000. (A) Wineries per 10,000 people (n=228 counties); (B) breweries per 10,000 people (n=334); (C) liquor stores per 10,000
people (n=1444); (D) drinking places (alcoholic beverages) per 10,000 people (n=1479).

There was a significant correlation between the prevalence of
alcohol-hashtagged tweets and gallons of wine (P<.001), liquor
(P=.01), and overall gallons of consumption (P<.001) at the
state level (Figure 6). However, the association with all
alcohol-hashtagged tweets and gallons of beer consumed was
not significant (P=.63).

https://www.jmir.org/2021/9/e27314

XSL• FO
RenderX

The prevalence of five wine hashtags had a significant
association with wine consumption at the state level (P<.001),
but 3 liquor hashtags and 19 beer hashtags did not have a
significant relationship with liquor (P=.33) and beer (P=.99)
consumption at the state level. However, there was a significant
relationship between gallons of liquor consumed and the
prevalence of 3 liquor hashtags (P=.01) after controlling for
confounding effects (Figure 6).
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Figure 6. Gallons of ethanol consumed for US states and alcohol-hashtagged tweets. Population normalization was performed using the average reported
population between 2010 and 2018, as reported by the National Institute of Alcohol Abuse and Alcoholism. Top, all 24 hashtags used; gallons of ethanol
consumed from (A) wine; (B) beer; (C) liquor; and (D) all alcohol sources and Twitter posts per population. Bottom, only specific hashtags, gallons of
ethanol from wine, beer, and liquor, and Twitter posts per population from specific hashtags: (E) wine (5 wine hashtags); (F) beer (14 beer hashtags);
(G) liquor (3 liquor hashtags).

Discussion
Principal Findings
We demonstrated that information from alcohol-related
subreddits could identify alcohol-related hashtags that correlated
https://www.jmir.org/2021/9/e27314
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with multiple alcohol-related outcomes. The prevalence of
geotagged tweets containing these significantly alcohol-related
hashtags correlates with alcohol-related behaviors and alcohol
outlet density, which are associated with adverse outcomes,
including deaths from motor vehicle crashes and excessive
drinking [95-97]. This approach has distinct benefits for studying
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alcohol-related outcomes. Compared with other approaches to
detect alcohol consumption on Twitter, the pipeline presented
here is trained using relatively few interpretable input and output
parameters, specifically, 18 subreddits and 24 hashtags. The
NLP pipeline identified language associated with alcohol abuse
on Twitter without manual annotation or predefined keywords
and with only the knowledge of relevant subreddits. These
results indicate that alcohol-related language, when defined by
inclusion into the themed communities of subreddits or
containing alcohol-related hashtags, can be used to understand
population-level behavior in multiple geographic areas with
different population granularity.

The difference in correlations might be because of several
variables, including the existence of confounding factors related
to the prevalence of social media use in the underlying
populations that preferentially consume beer over other alcohol
types, differences in perceived acceptance of beer consumption
behavior, or because of other factors that may confound alcohol
and social media posting [89]. Alcohol preference is an example
of having interpretable hashtag representations for a given model
that may help identify behavioral differences associated with
an outcome of interest. This evidence suggests that similar
models trained on Twitter may detect alcohol wine and liquor
consumption but not beer.

Qualitatively, the model presented here detects a wide variety
of different alcohol-related hashtags, including slang. Tweets
containing these hashtags capture a large amount of information
regarding alcohol consumption behavior at a broad population
level. The set of hashtags resulting from this study is useful for
future alcohol-related research on Twitter and identifying
relevant hashtags or community forum labels on other platforms.

Comparison With Previous Works

A notable benefit of using hashtags and subreddits as
platform-specific labels for studying alcohol-related outcomes
is interpretability. Although deep learning models excel at
understanding massive quantities of data, many NLP and deep
learning models rely on complex feature representations to
classify or characterize text. However, this approach is not easily
interpretable [65,98]. We have demonstrated that by treating
subreddits and hashtags as learnable labels, it is possible to
directly use hashtags as interpretable features in our NLP
pipeline for social media data to understand alcoholic beverage
preferences while still learning from a large amount of data.
Consumption of different alcohol types is associated with a
variety of both beneficial and detrimental outcomes [99-101].
For example, wine consumption is associated with protection
from cardiovascular diseases; however, the cause of this effect
may be dietary factors and other lifestyle choices [99,102].
Other studies have associated preferential beer and liquor
consumption with adverse outcomes, such as dangerous drinking
and other risky behaviors [101,103,104]. Notably, although
many studies have examined overall alcohol mentions on
Twitter, few models created have been explicitly examined in
terms of differences in the types of alcoholic beverages
mentioned.
Our study indicates that information capturing consumption of
wine and liquor is directly observable using social media data,
as shown by the significant associations between the prevalence
of 5 wine-related hashtags and the amount of wine consumed,
as well as the number of posts containing at least 1 of the 3
liquor-related hashtags and liquor consumed. However, there
was no significant relationship between beer consumption per
capita and the number of alcohol-hashtagged Twitter posts in
an area. The results here indicate that our model can detect
certain types of alcohol consumption behavior (wine and liquor
consumption) on Twitter using the interpretability of hashtags
but not others (beer consumption). It remains unclear whether
our results indicate a bias in our model’s methodological choice
(eg, use of hashtags or training procedure) or a difference in
social media populations that prefer different alcohol beverages.
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Many previous studies have used hashtags as target labels.
However, they mostly rely on a predefined set of hashtags that
may not be data-driven or require extensive expert annotation
instead of taking advantage of topic-specific sources and social
media content on other public social media platforms
[40,105-107]. Notably, using a predefined number of hashtags
could be biased and too narrow for capturing relevant
information, potentially missing informative hashtags for
exposure or outcome. Traditional keyword approaches may fail
to capture various pieces of information from slang and novel
hashtags from platform-specific languages as they are created
and popularized. In addition, keyword databases may not exist
for all outcomes of interest. Semantic similarity measures, such
as Word2vec, may identify hashtags with similar contexts;
however, integrating vector representations may lose valuable
information relative to training over individual samples, and
prediction probabilities or certainty are not readily observable.
In contrast, this study indicates that a model trained on a large
set of data relevant to the behavior of interest and its application
to an unlabeled data set from a different platform can identify
data-driven hashtags related to that behavior. This ability to
learn hashtags from data is critical, as new hashtags are created
every day and may differ substantially between platforms.
Many social media platforms are directly searchable using
hashtags, allowing the ability to gather many highly specific
posts instead of gathering a large number of nonspecific posts
to identify relevant hashtags, keywords, or alcohol content based
on available prevalence data. Although the latter approach has
shown success in studying alcohol-related behavior previously,
methods to extend the analysis to alternative but potentially
related outcomes, platforms, or different geographical
designations remain unclear [39,40,108]. The generalization of
such models necessitates the creation of individual models for
each particular outcome and geographic area. Finally, these
models may fail to take advantage of extensive research on
themed communities to understand alcohol use and other
outcomes of interest [30,39,40,76,106,109,110]. In contrast, the
method outlined here may help create more efficient public
health interventions to analyze the alcohol consumption behavior
for a given geographic area of interest, such as a city or hospital
catchment area. This approach is particularly useful when the
relevant language is dynamic or contains area-specific slang,
making previously established dictionary-based methods
incomplete or impractical. In particular, our proposed
methodology for identifying hashtags using a previously trained
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deep learning model can be useful for detecting alcohol
consumption behavior on various social media platforms.

Limitations and Future Work
There are some limitations to the model and approach proposed
in this study. Other health-related behaviors that are not
discussed frequently on social media may be more difficult to
ascertain and translate between platforms using hashtags. Any
model trained on a limited number of social media platforms
may be confounded by differences in user preferences, such as
age or socioeconomic status. Furthermore, this method relies
on identifying known or previously studied subreddits, which
may not be suitable for outcomes without known relevant
subreddits. Furthermore, we did not compare our models’
performance with the BERT large model or other deep learning
alternatives, which can have a different performance for our
task. In addition, including additional social media data in model
development and using domain knowledge from ontologies,
controlled vocabularies, lexicons, and relevant rules and regular
expressions can further improve the presented results.
As future work, we plan to extend this study to other mental
and behavioral health topics, such as depression and substance

Ricard & Hassanpour
use, and other social media platforms that use hashtags, such
as Facebook and Instagram. Deep learning has previously been
used to combine the analysis of images and texts from social
media users [38]. In our future work, we will expand the
presented architecture to include other data modalities, such as
images and videos, to increase screening capabilities.

Conclusions
These results indicate that using alcohol-related subreddits as
learnable labels to train a BERT neural network can capture
interpretable, alcohol-related language on Twitter. Our study
suggests a significant correlation between the prevalence of
alcohol-related geotagged Twitter hashtags and alcohol-related
behaviors as measured by self-reported alcohol consumption,
alcohol preferences, and alcohol outlet prevalence. This method
has the unique advantages of previous methods, including
allowing examination at the MMSA, US county, and US state
level for different alcohol-related outcomes. These results
suggest that using previously studied hashtags and subreddits
as learnable targets in a machine learning framework could
expand public health outreach efforts and epidemiology
research, particularly for monitoring behavior related to alcohol
consumption.

Acknowledgments
Financial support for this work was provided by a National Library of Medicine of the National Institutes of Health T32 training
grant through the award number T32LM012204. The authors would like to thank Lamar Moss, Natasha de la Rosa-Rivera, and
Richard Ricard for their help and suggestions for improving the manuscript.

Authors' Contributions
Study concept and design: BJR and SH; analysis and interpretation of data: BJR and SH; collection or assembly of data: BJR;
drafting of the manuscript: BJR and SH; critical revision of the manuscript for important intellectual content: BJR and SH;
funding: BJR and SH; administrative, technical, and logistic support: SH; and study supervision: SH.

Conflicts of Interest
None declared.

References
1.
2.
3.
4.

5.

6.

7.

Osna NA, Donohue TM, Kharbanda KK. Alcoholic liver disease: pathogenesis and current management. Alcohol Res
2017;38(2):147-161 [FREE Full text] [Medline: 28988570]
O'Keefe JH, Bhatti SK, Bajwa A, DiNicolantonio JJ, Lavie CJ. Alcohol and cardiovascular health: the dose makes the
poison…or the remedy. Mayo Clin Proc 2014 Mar;89(3):382-393. [doi: 10.1016/j.mayocp.2013.11.005] [Medline: 24582196]
Alcohol and public health: Alcohol-Related Disease Impact (ARDI). Centers for Disease Control and Prevention (CDC).
URL: https://nccd.cdc.gov/DPH_ARDI/default/default.aspx [accessed 2021-08-24]
Zhao Q, Sullivan EV, Honnorat N, Adeli E, Podhajsky S, De Bellis MD, et al. Association of heavy drinking with deviant
fiber tract development in frontal brain systems in adolescents. JAMA Psychiatry 2021 Apr 01;78(4):407-415. [doi:
10.1001/jamapsychiatry.2020.4064] [Medline: 33377940]
Litt DM, Lewis MA, Spiro ES, Aulck L, Waldron KA, Head-Corliss MK, et al. #drunktwitter: examining the relations
between alcohol-related Twitter content and alcohol willingness and use among underage young adults. Drug Alcohol
Depend 2018 Dec 01;193:75-82 [FREE Full text] [doi: 10.1016/j.drugalcdep.2018.08.021] [Medline: 30343237]
Perrin A, Anderson M. Share of U.S. adults using social media, including Facebook, is mostly unchanged since 2018. Pew
Research Center. URL: https://www.pewresearch.org/fact-tank/2019/04/10/
share-of-u-s-adults-using-social-media-including-facebook-is-mostly-unchanged-since-2018/ [accessed 2021-08-24]
2018 National Survey of Drug Use and Health (NSDUH) releases. SAMHSA. URL: https://www.samhsa.gov/data/release/
2018-national-survey-drug-use-and-health-nsduh-releases [accessed 2021-08-24]

https://www.jmir.org/2021/9/e27314

XSL• FO
RenderX

J Med Internet Res 2021 | vol. 23 | iss. 9 | e27314 | p.663
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
8.

9.

10.
11.
12.

13.

14.
15.

16.

17.
18.
19.

20.
21.
22.

23.
24.
25.

26.
27.
28.

29.

30.

Bonar EE, Schneeberger DM, Bourque C, Bauermeister JA, Young SD, Blow FC, et al. Social media interventions for
risky drinking among adolescents and emerging adults: protocol for a randomized controlled trial. JMIR Res Protoc 2020
May 13;9(5):e16688 [FREE Full text] [doi: 10.2196/16688] [Medline: 32401225]
Arigo D, Pagoto S, Carter-Harris L, Lillie SE, Nebeker C. Using social media for health research: methodological and
ethical considerations for recruitment and intervention delivery. Digit Health 2018 May 7;4:2055207618771757 [FREE
Full text] [doi: 10.1177/2055207618771757] [Medline: 29942634]
Eysenbach G. Infodemiology: the epidemiology of (mis)information. Am J Med 2002 Dec 15;113(9):763-765. [doi:
10.1016/s0002-9343(02)01473-0] [Medline: 12517369]
Mavragani A. Infodemiology and infoveillance: scoping review. J Med Internet Res 2020 Apr 28;22(4):e16206 [FREE
Full text] [doi: 10.2196/16206] [Medline: 32310818]
Eysenbach G. Infodemiology and infoveillance: framework for an emerging set of public health informatics methods to
analyze search, communication and publication behavior on the internet. J Med Internet Res 2009 Mar 27;11(1):e11 [FREE
Full text] [doi: 10.2196/jmir.1157] [Medline: 19329408]
Martino F, Brooks R, Browne J, Carah N, Zorbas C, Corben K, et al. The nature and extent of online marketing by big food
and big alcohol during the COVID-19 pandemic in Australia: content analysis study. JMIR Public Health Surveill 2021
Mar 12;7(3):e25202. [doi: 10.2196/25202] [Medline: 33709935]
Song T, Qian S, Yu P. Mobile health interventions for self-control of unhealthy alcohol use: systematic review. JMIR
Mhealth Uhealth 2019 Jan 29;7(1):e10899 [FREE Full text] [doi: 10.2196/10899] [Medline: 30694200]
Dawson DA, Goldstein RB, Pickering RP, Grant BF. Nonresponse bias in survey estimates of alcohol consumption and its
association with harm. J Stud Alcohol Drugs 2014 Jul;75(4):695-703 [FREE Full text] [doi: 10.15288/jsad.2014.75.695]
[Medline: 24988268]
Sartor CE, Bucholz KK, Nelson EC, Madden PA, Lynskey MT, Heath AC. Reporting bias in the association between age
at first alcohol use and heavy episodic drinking. Alcohol Clin Exp Res 2011 Aug;35(8):1418-1425 [FREE Full text] [doi:
10.1111/j.1530-0277.2011.01477.x] [Medline: 21438885]
Davis CG, Thake J, Vilhena N. Social desirability biases in self-reported alcohol consumption and harms. Addict Behav
2010 Apr;35(4):302-311. [doi: 10.1016/j.addbeh.2009.11.001] [Medline: 19932936]
Zappavigna M. Searchable talk: the linguistic functions of hashtags. Soc Semiot 2015 Jan 09;25(3):274-291. [doi:
10.1080/10350330.2014.996948]
Berry N, Lobban F, Belousov M, Emsley R, Nenadic G, Bucci S. #WhyWeTweetMH: understanding why people use twitter
to discuss mental health problems. J Med Internet Res 2017 Apr 05;19(4):e107 [FREE Full text] [doi: 10.2196/jmir.6173]
[Medline: 28381392]
Modrek S, Chakalov B. The #MeToo Movement in the United States: text analysis of early Twitter conversations. J Med
Internet Res 2019 Sep 03;21(9):e13837 [FREE Full text] [doi: 10.2196/13837] [Medline: 31482849]
O'Neil A, Sojo V, Fileborn B, Scovelle AJ, Milner A. The #MeToo movement: an opportunity in public health? Lancet
2018 Jun 30;391(10140):2587-2589. [doi: 10.1016/S0140-6736(18)30991-7] [Medline: 30070210]
Kero KM, Puuronen AH, Nyqvist L, Langén VL. Usability of two brief questions as a screening tool for domestic violence
and effect of #MeToo on prevalence of self-reported violence. Eur J Obstet Gynecol Reprod Biol 2020 Dec;255:92-97
[FREE Full text] [doi: 10.1016/j.ejogrb.2020.10.024] [Medline: 33113404]
Platt JR, Brady RR. #BCSM and #breastcancer: contemporary cancer-specific online social media communities. Breast J
2020 Apr;26(4):729-733. [doi: 10.1111/tbj.13576] [Medline: 31493301]
Basch C, MacLean S. Breast cancer on Instagram: a descriptive study. Int J Prev Med 2019 Oct 9;10:166 [FREE Full text]
[doi: 10.4103/ijpvm.IJPVM_36_19] [Medline: 32133084]
George N, Britto D, Krishnan V, Dass L, Prasant H, Aravindhan V. Assessment of hashtag (#) campaigns aimed at health
awareness in social media. J Educ Health Promot 2018 Sep 14;7:114 [FREE Full text] [doi: 10.4103/jehp.jehp_37_18]
[Medline: 30271799]
Mercier RJ, Senter K, Webster R, Henderson Riley A. Instagram users' experiences of miscarriage. Obstet Gynecol 2020
Jan;135(1):166-173. [doi: 10.1097/AOG.0000000000003621] [Medline: 31809440]
Laestadius LI, Wahl MM, Cho YI. #Vapelife: an exploratory study of electronic cigarette use and promotion on instagram.
Subst Use Misuse 2016 Oct 14;51(12):1669-1673. [doi: 10.1080/10826084.2016.1188958] [Medline: 27484191]
Kudchadkar S, Carroll C. Using social media for rapid information dissemination in a pandemic: #PedsICU and coronavirus
disease 2019. Pediatr Crit Care Med 2020 Aug;21(8):538-546 [FREE Full text] [doi: 10.1097/PCC.0000000000002474]
[Medline: 32459792]
Gkotsis G, Oellrich A, Velupillai S, Liakata M, Hubbard TJ, Dobson RJ, et al. Characterisation of mental health conditions
in social media using informed deep learning. Sci Rep 2017 Mar 22;7:45141 [FREE Full text] [doi: 10.1038/srep45141]
[Medline: 28327593]
Tamersoy A, De Choudhury M, Chau D. Characterizing smoking and drinking abstinence from social media. HT ACM
Conf Hypertext Soc Media 2015 Sep;2015:139-148 [FREE Full text] [doi: 10.1145/2700171.2791247] [Medline: 26640831]

https://www.jmir.org/2021/9/e27314

XSL• FO
RenderX

Ricard & Hassanpour

J Med Internet Res 2021 | vol. 23 | iss. 9 | e27314 | p.664
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
31.

32.
33.

34.

35.
36.

37.

38.

39.

40.

41.

42.

43.
44.
45.

46.

47.

48.
49.

50.

51.

Liu C, Lu X. Analyzing hidden populations online: topic, emotion, and social network of HIV-related users in the largest
Chinese online community. BMC Med Inform Decis Mak 2018 Jan 05;18(1):2 [FREE Full text] [doi:
10.1186/s12911-017-0579-1] [Medline: 29304788]
Pandrekar S, Chen X, Gopalkrishna G, Srivastava A, Saltz M, Saltz J, et al. Social media based analysis of opioid epidemic
using Reddit. AMIA Annu Symp Proc 2018 Dec 5;2018:867-876 [FREE Full text] [Medline: 30815129]
Kochan A, Ong S, Guler S, Johannson KA, Ryerson CJ, Goobie GC. Social media content of idiopathic pulmonary fibrosis
groups and pages on Facebook: cross-sectional analysis. JMIR Public Health Surveill 2021 May 31;7(5):e24199 [FREE
Full text] [doi: 10.2196/24199] [Medline: 34057425]
Gruebner O, Lowe SR, Sykora M, Shankardass K, Subramanian SV, Galea S. A novel surveillance approach for disaster
mental health. PLoS One 2017 Jul 19;12(7):e0181233 [FREE Full text] [doi: 10.1371/journal.pone.0181233] [Medline:
28723959]
Jurdak R, Zhao K, Liu J, AbouJaoude M, Cameron M, Newth D. Understanding human mobility from Twitter. PLoS One
2015 Jul 8;10(7):e0131469 [FREE Full text] [doi: 10.1371/journal.pone.0131469] [Medline: 26154597]
Hussain A, Tahir A, Hussain Z, Sheikh Z, Gogate M, Dashtipour K, et al. Artificial intelligence-enabled analysis of public
attitudes on Facebook and Twitter toward COVID-19 vaccines in the united kingdom and the United States: observational
study. J Med Internet Res 2021 Apr 05;23(4):e26627 [FREE Full text] [doi: 10.2196/26627] [Medline: 33724919]
Curtis B, Giorgi S, Buffone AE, Ungar LH, Ashford RD, Hemmons J, et al. Can Twitter be used to predict county excessive
alcohol consumption rates? PLoS One 2018 Apr 4;13(4):e0194290 [FREE Full text] [doi: 10.1371/journal.pone.0194290]
[Medline: 29617408]
Hassanpour S, Tomita N, DeLise T, Crosier B, Marsch LA. Identifying substance use risk based on deep neural networks
and Instagram social media data. Neuropsychopharmacology 2019 Feb;44(3):487-494 [FREE Full text] [doi:
10.1038/s41386-018-0247-x] [Medline: 30356094]
Marengo D, Azucar D, Giannotta F, Basile V, Settanni M. Exploring the association between problem drinking and language
use on Facebook in young adults. Heliyon 2019 Oct 9;5(10):e02523 [FREE Full text] [doi: 10.1016/j.heliyon.2019.e02523]
[Medline: 31667380]
Crocamo C, Viviani M, Bartoli F, Carrà G, Pasi G. Detecting binge drinking and alcohol-related risky behaviours from
Twitter's users: an exploratory content- and topology-based analysis. Int J Environ Res Public Health 2020 Feb 26;17(5):1510
[FREE Full text] [doi: 10.3390/ijerph17051510] [Medline: 32111047]
Cavazos-Rehg PA, Krauss MJ, Sowles SJ, Bierut LJ. "Hey Everyone, I'm Drunk." An evaluation of drinking-related Twitter
chatter. J Stud Alcohol Drugs 2015 Jul;76(4):635-643 [FREE Full text] [doi: 10.15288/jsad.2015.76.635] [Medline:
26098041]
Giorgi S, Yaden DB, Eichstaedt JC, Ashford RD, Buffone AE, Schwartz HA, et al. Cultural differences in Tweeting about
drinking across the US. Int J Environ Res Public Health 2020 Feb 11;17(4):1125 [FREE Full text] [doi:
10.3390/ijerph17041125] [Medline: 32053866]
Stellefson M, Paige SR, Chaney BH, Chaney JD. Social media and health promotion. Int J Environ Res Public Health 2020
May 11;17(9):3323 [FREE Full text] [doi: 10.3390/ijerph17093323] [Medline: 32403215]
Sadah SA, Shahbazi M, Wiley MT, Hristidis V. A study of the demographics of web-based health-related social media
users. J Med Internet Res 2015 Aug 06;17(8):e194 [FREE Full text] [doi: 10.2196/jmir.4308] [Medline: 26250986]
Hendriks H, Van den Putte B, Gebhardt WA, Moreno MA. Social drinking on social media: content analysis of the social
aspects of alcohol-related posts on Facebook and Instagram. J Med Internet Res 2018 Jun 22;20(6):e226 [FREE Full text]
[doi: 10.2196/jmir.9355] [Medline: 29934290]
Laws R, Hunt G, Antin TM. Social media platforms as a photo-elicitation tool in research on alcohol intoxication and
gender. Nordisk Alkohol Nark 2018 Aug;35(4):288-303 [FREE Full text] [doi: 10.1177/1455072518781998] [Medline:
30245584]
Gupta H, Lam T, Pettigrew S, Tait RJ. The association between exposure to social media alcohol marketing and youth
alcohol use behaviors in India and Australia. BMC Public Health 2018 Jun 13;18(1):726 [FREE Full text] [doi:
10.1186/s12889-018-5645-9] [Medline: 29895264]
Rehm J, Kilian C, Rovira P, Shield KD, Manthey J. The elusiveness of representativeness in general population surveys
for alcohol. Drug Alcohol Rev 2021 Feb;40(2):161-165. [doi: 10.1111/dar.13148] [Medline: 32830351]
Nguyen QC, McCullough M, Meng H, Paul D, Li D, Kath S, et al. Geotagged US Tweets as predictors of county-level
health outcomes, 2015-2016. Am J Public Health 2017 Nov;107(11):1776-1782. [doi: 10.2105/AJPH.2017.303993] [Medline:
28933925]
Krauss MJ, Grucza RA, Bierut LJ, Cavazos-Rehg PA. "Get drunk. Smoke weed. Have fun.": a content analysis of tweets
about marijuana and alcohol. Am J Health Promot 2017 May;31(3):200-208 [FREE Full text] [doi:
10.4278/ajhp.150205-QUAL-708] [Medline: 26559715]
Allem J, Dormanesh A, Majmundar A, Rivera V, Chu M, Unger JB, et al. Leading topics in Twitter discourse on JUUL
and Puff Bar products: content analysis. J Med Internet Res 2021 Jul 19;23(7):e26510 [FREE Full text] [doi: 10.2196/26510]
[Medline: 34279236]

https://www.jmir.org/2021/9/e27314

XSL• FO
RenderX

Ricard & Hassanpour

J Med Internet Res 2021 | vol. 23 | iss. 9 | e27314 | p.665
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
52.
53.

54.
55.

56.

57.
58.
59.

60.

61.
62.

63.

64.
65.

66.

67.

68.
69.

70.

71.

Lorentzen DG, Nolin J. Approaching completeness: capturing a hashtagged Twitter conversation and its follow-on
conversation. Soc Sci Comput Rev 2015 Sep 29;35(2):277-286. [doi: 10.1177/0894439315607018]
Le Q, Mikolov T. Distributed representations of sentences and documents. In: Proceedings of the 31st International
Conference on Machine Learning. 2014 Presented at: 31st International Conference on Machine Learning; Jun 21-26, 2014;
Beijing China p. 1188-1196 URL: http://proceedings.mlr.press/v32/le14.html
Mikolov T, Chen K, Corrado G, Dean J. Efficient estimation of word representations in vector space. arXiv: Computer
Science, Computation and Language. 2013 Jan. URL: https://arxiv.org/abs/1301.3781 [accessed 2021-09-02]
Saha K, Torous J, Ernala S, Rizuto C, Stafford A, De Choudhury M. A computational study of mental health awareness
campaigns on social media. Transl Behav Med 2019 Nov 25;9(6):1197-1207 [FREE Full text] [doi: 10.1093/tbm/ibz028]
[Medline: 30834942]
Zomick J, Levitan S, Serper M. Linguistic analysis of schizophrenia in Reddit posts. In: Proceedings of the Sixth Workshop
on Computational Linguistics and Clinical Psychology. 2019 Presented at: Sixth Workshop on Computational Linguistics
and Clinical Psychology; Jun 2019; Minneapolis, Minnesota p. 74-83. [doi: 10.18653/v1/w19-3009]
Devlin J, Chang M, Lee K, Toutanova K. BERT: pre-training of deep bidirectional transformers for language understanding.
Assoc Comput Linguist 2019 Jun:4171-4186. [doi: 10.18653/v1/N19-1423]
Rogers A, Kovaleva O, Rumshisky A. A primer in BERTology: what we know about how BERT works. Trans Assoc
Comput Linguist 2020 Dec;8:842-866. [doi: 10.1162/tacl_a_00349]
Mozafari M, Farahbakhsh R, Crespi N. A BERT-based transfer learning approach for hate speech detection in online social
media. In: Complex Networks and Their Applications VIII. Basel, Switzerland: Springer International Publishing; Nov 26,
2019.
Heidari M, Jones J. Using BERT to extract topic-independent sentiment features for social media bot detection. In:
Proceedings of the 11th IEEE Annual Ubiquitous Computing, Electronics & Mobile Communication Conference (UEMCON).
2020 Presented at: 11th IEEE Annual Ubiquitous Computing, Electronics & Mobile Communication Conference (UEMCON);
Oct 28-31, 2020; New York, NY, USA. [doi: 10.1109/uemcon51285.2020.9298158]
Mozafari M, Farahbakhsh R, Crespi N. Hate speech detection and racial bias mitigation in social media based on BERT
model. PLoS One 2020 Aug 27;15(8):e0237861 [FREE Full text] [doi: 10.1371/journal.pone.0237861] [Medline: 32853205]
Pérez-Pérez M, Pérez-Rodríguez G, Fdez-Riverola F, Lourenço A. Using Twitter to understand the human bowel disease
community: exploratory analysis of key topics. J Med Internet Res 2019 Aug 15;21(8):e12610 [FREE Full text] [doi:
10.2196/12610] [Medline: 31411142]
Li J, Xu Q, Shah N, Mackey TK. A machine learning approach for the detection and characterization of illicit drug dealers
on instagram: model evaluation study. J Med Internet Res 2019 Jun 15;21(6):e13803 [FREE Full text] [doi: 10.2196/13803]
[Medline: 31199298]
Pereira-Kohatsu JC, Quijano-Sánchez L, Liberatore F, Camacho-Collados M. Detecting and monitoring hate speech in
Twitter. Sensors (Basel) 2019 Oct 26;19(21):4654 [FREE Full text] [doi: 10.3390/s19214654] [Medline: 31717760]
Chakraborty S, Tomsett R, Raghavendra R, Harborne D, Alzantot M, Cerutti F, et al. Interpretability of deep learning
models: a survey of results. In: Proceedings of the IEEE SmartWorld, Ubiquitous Intelligence & Computing, Advanced &
Trusted Computed, Scalable Computing & Communications, Cloud & Big Data Computing, Internet of People and Smart
City Innovation (SmartWorld/SCALCOM/UIC/ATC/CBDCom/IOP/SCI). 2017 Presented at: IEEE SmartWorld, Ubiquitous
Intelligence & Computing, Advanced & Trusted Computed, Scalable Computing & Communications, Cloud & Big Data
Computing, Internet of People and Smart City Innovation (SmartWorld/SCALCOM/UIC/ATC/CBDCom/IOP/SCI); Aug
4-8, 2017; San Francisco, CA, USA. [doi: 10.1109/uic-atc.2017.8397411]
Singh T, Roberts K, Cohen T, Cobb N, Wang J, Fujimoto K, et al. Social Media as a Research Tool (SMaaRT) for risky
behavior analytics: methodological review. JMIR Public Health Surveill 2020 Nov 30;6(4):e21660 [FREE Full text] [doi:
10.2196/21660] [Medline: 33252345]
Wang X, Kou L, Sugumaran V, Luo X, Zhang H. Emotion correlation mining through deep learning models on natural
language text. IEEE Trans Cybern 2020 May 12:2987064 (forthcoming). [doi: 10.1109/TCYB.2020.2987064] [Medline:
32413938]
Klein AZ, Sarker A, Weissenbacher D, Gonzalez-Hernandez G. Towards scaling Twitter for digital epidemiology of birth
defects. NPJ Digit Med 2019 Oct 1;2:96 [FREE Full text] [doi: 10.1038/s41746-019-0170-5] [Medline: 31583284]
Klein AZ, Magge A, O'Connor K, Amaro JF, Weissenbacher D, Hernandez GG. Toward using Twitter for tracking
COVID-19: a natural language processing pipeline and exploratory data set. J Med Internet Res 2021 Jan 22;23(1):e25314
[FREE Full text] [doi: 10.2196/25314] [Medline: 33449904]
Edo-Osagie O, Smith G, Lake I, Edeghere O, De La Iglesia B. Twitter mining using semi-supervised classification for
relevance filtering in syndromic surveillance. PLoS One 2019 Jul 18;14(7):e0210689 [FREE Full text] [doi:
10.1371/journal.pone.0210689] [Medline: 31318885]
Ru B, Li D, Hu Y, Yao L. Serendipity-a machine-learning application for mining serendipitous drug usage from social
media. IEEE Trans Nanobioscience 2019 Jul;18(3):324-334 [FREE Full text] [doi: 10.1109/TNB.2019.2909094] [Medline:
30951476]

https://www.jmir.org/2021/9/e27314

XSL• FO
RenderX

Ricard & Hassanpour

J Med Internet Res 2021 | vol. 23 | iss. 9 | e27314 | p.666
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
72.

73.
74.

75.

76.
77.
78.

79.
80.
81.

82.

83.

84.

85.

86.
87.

88.
89.

90.

91.
92.
93.

Nikfarjam A, Sarker A, O'Connor K, Ginn R, Gonzalez G. Pharmacovigilance from social media: mining adverse drug
reaction mentions using sequence labeling with word embedding cluster features. J Am Med Inform Assoc 2015
May;22(3):671-681 [FREE Full text] [doi: 10.1093/jamia/ocu041] [Medline: 25755127]
Strubell E, Ganesh A, McCallum A. Energy and policy considerations for modern deep learning research. AAAI 2020 Apr
03;34(09):13693-13696. [doi: 10.1609/aaai.v34i09.7123]
Metropolitan and micropolitan statistical areas population totals and components of change: 2010-2019. United States
Census Bureau. URL: https://www.census.gov/data/tables/time-series/demo/popest/
2010s-total-metro-and-micro-statistical-areas.html [accessed 2021-08-24]
Population, population change, and estimated components of population change: April 1, 2010 to July 1, 2019
(NST-EST2019-alldata). United States Census Bureau. URL: https://www.census.gov/data/tables/time-series/demo/popest/
2010s-national-total.html [accessed 2021-08-24]
Zhan Y, Zhang Z, Okamoto JM, Zeng DD, Leischow SJ. Underage JUUL use patterns: content analysis of Reddit messages.
J Med Internet Res 2019 Sep 09;21(9):e13038 [FREE Full text] [doi: 10.2196/13038] [Medline: 31502542]
Paszke A, Gross S, Massa F, Lerer A, Bradbury J, Chanan G, et al. PyTorch: an imperative style, high-performance deep
learning library. arXiv: Computer Science, Machine Learning. URL: https://arxiv.org/abs/1912.01703 [accessed 2021-08-24]
Pennington J, Socher R, Manning C. GloVe: global vectors for word representation. In: Proceedings of the Conference on
Empirical Methods in Natural Language Processing (EMNLP). 2014 Presented at: Conference on Empirical Methods in
Natural Language Processing (EMNLP); Oct 2014; Doha, Qatar p. 1532-1543 URL: http://www.aclweb.org/anthology/
D14-1162 [doi: 10.3115/v1/d14-1162]
Benjamini Y, Hochberg Y. Controlling the false discovery rate: a practical and powerful approach to multiple testing. J R
Stat Soc Series B Stat Methodol 1995;57(1):289-300. [doi: 10.1111/j.2517-6161.1995.tb02031.x]
Hopkins ZH, Moreno C, Secrest AM. Influence of social media on cosmetic procedure interest. J Clin Aesthet Dermatol
2020 Jan;13(1):28-31 [FREE Full text] [Medline: 32082468]
Merchant RM, Asch DA, Crutchley P, Ungar LH, Guntuku SC, Eichstaedt JC, et al. Evaluating the predictability of medical
conditions from social media posts. PLoS One 2019 Jun 17;14(6):e0215476. [doi: 10.1371/journal.pone.0215476] [Medline:
31206534]
Eichstaedt JC, Smith RJ, Merchant RM, Ungar LH, Crutchley P, Preoţiuc-Pietro D, et al. Facebook language predicts
depression in medical records. Proc Natl Acad Sci U S A 2018 Oct 30;115(44):11203-11208 [FREE Full text] [doi:
10.1073/pnas.1802331115] [Medline: 30322910]
Griffis H, Asch D, Schwartz H, Ungar L, Buttenheim A, Barg F, et al. Using social media to track geographic variability
in language about diabetes: analysis of diabetes-related tweets across the United States. JMIR Diabetes 2020 Jan
26;5(1):e14431 [FREE Full text] [doi: 10.2196/14431] [Medline: 32044757]
Smith RJ, Crutchley P, Schwartz HA, Ungar L, Shofer F, Padrez KA, et al. Variations in Facebook posting patterns across
validated patient health conditions: a prospective cohort study. J Med Internet Res 2017 Jan 06;19(1):e7 [FREE Full text]
[doi: 10.2196/jmir.6486] [Medline: 28062392]
Guntuku SC, Schneider R, Pelullo A, Young J, Wong V, Ungar L, et al. Studying expressions of loneliness in individuals
using twitter: an observational study. BMJ Open 2019 Nov 04;9(11):e030355 [FREE Full text] [doi:
10.1136/bmjopen-2019-030355] [Medline: 31685502]
Cecinati F, Matthews T, Natarajan S, McCullen N, Coley D. Mining social media to identify heat waves. Int J Environ Res
Public Health 2019 Mar 02;16(5):762 [FREE Full text] [doi: 10.3390/ijerph16050762] [Medline: 30832387]
Birnbaum ML, Ernala SK, Rizvi AF, De Choudhury M, Kane JM. A collaborative approach to identifying social media
markers of schizophrenia by employing machine learning and clinical appraisals. J Med Internet Res 2017 Aug 14;19(8):e289
[FREE Full text] [doi: 10.2196/jmir.7956] [Medline: 28807891]
Spearman C. The proof and measurement of association between two things. Am J Psychol 1904;15(1):72-101. [doi:
10.2307/1412159]
Bergman BG, Wu W, Marsch LA, Crosier BS, DeLise TC, Hassanpour S. Associations between substance use and Instagram
participation to inform social network-based screening models: multimodal cross-sectional study. J Med Internet Res 2020
Sep 16;22(9):e21916 [FREE Full text] [doi: 10.2196/21916] [Medline: 32936081]
United States Census Bureau. Educational Attainment, Income in the Past 12 Months (In 2018 inflation-adjusted dollars),
ACS Demographic and Housing Estimates. American Community Survey. 2018. URL: https://www.census.gov/acs/www/
data/data-tables-and-tools/subject-tables/
Behavioral risk factor surveillance system. Centers for Disease Control and Prevention. URL: https://www.cdc.gov/brfss/
index.html [accessed 2021-08-24]
2019 County Health Rankings Key Findings Report. University of Wisconsin Population Health Institute. URL: https:/
/www.countyhealthrankings.org/reports/2019-county-health-rankings-key-findings-report [accessed 2021-08-24]
County business patterns: 2017. United States Census Bureau. URL: https://www.census.gov/data/datasets/2017/econ/cbp/
2017-cbp.html [accessed 2021-08-24]

https://www.jmir.org/2021/9/e27314

XSL• FO
RenderX

Ricard & Hassanpour

J Med Internet Res 2021 | vol. 23 | iss. 9 | e27314 | p.667
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
94.

95.

96.

97.
98.

99.

100.
101.

102.

103.

104.

105.

106.
107.

108.

109.

110.

Ricard & Hassanpour

Apparent per capita alcohol consumption: national, state, and regional trends 1977-2018. Open ICPSR. URL: https://www.
openicpsr.org/openicpsr/project/105583/version/V5/view;jsessionid=D71A8F94F8F63A42806C3C45BD042D9D [accessed
2021-08-24]
Kavanagh A, Kelly M, Krnjacki L, Thornton L, Jolley D, Subramanian S, et al. Access to alcohol outlets and harmful
alcohol consumption: a multi-level study in Melbourne, Australia. Addiction 2011 Oct;106(10):1772-1779. [doi:
10.1111/j.1360-0443.2011.03510.x] [Medline: 21615583]
Popova S, Giesbrecht N, Bekmuradov D, Patra J. Hours and days of sale and density of alcohol outlets: impacts on alcohol
consumption and damage: a systematic review. Alcohol Alcohol 2009;44(5):500-516. [doi: 10.1093/alcalc/agp054] [Medline:
19734159]
Treno AJ, Johnson FW, Remer LG, Gruenewald PJ. The impact of outlet densities on alcohol-related crashes: a spatial
panel approach. Accid Anal Prev 2007 Sep;39(5):894-901. [doi: 10.1016/j.aap.2006.12.011] [Medline: 17275773]
Belinkov Y, Gehrmann S, Pavlick E. Interpretability and analysis in neural NLP. In: Proceedings of the 58th Annual Meeting
of the Association for Computational Linguistics: Tutorial Abstracts.: Association for Computational Linguistics; 2020
Presented at: 58th Annual Meeting of the Association for Computational Linguistics: Tutorial Abstracts; Jul, 2020; Online
p. 1-5. [doi: 10.18653/v1/2020.acl-tutorials.1]
Barefoot JC, Grønbaek M, Feaganes JR, McPherson RS, Williams RB, Siegler IC. Alcoholic beverage preference, diet,
and health habits in the UNC Alumni Heart Study. Am J Clin Nutr 2002 Aug;76(2):466-472. [doi: 10.1093/ajcn/76.2.466]
[Medline: 12145024]
Sluik D, Bezemer R, Sierksma A, Feskens E. Alcoholic beverage preference and dietary habits: a systematic literature
review. Crit Rev Food Sci Nutr 2016 Oct 25;56(14):2370-2382. [doi: 10.1080/10408398.2013.841118] [Medline: 25674684]
Dey M, Gmel G, Studer J, Dermota P, Mohler-Kuo M. Beverage preferences and associated drinking patterns, consequences
and other substance use behaviours. Eur J Public Health 2014 Jun;24(3):496-501. [doi: 10.1093/eurpub/ckt109] [Medline:
23940073]
Alcácera MA, Marques-Lopes I, Fajó-Pascual M, Foncillas JP, Carmona-Torre F, Martínez-González MA. Alcoholic
beverage preference and dietary pattern in Spanish university graduates: the SUN cohort study. Eur J Clin Nutr 2008
Oct;62(10):1178-1186. [doi: 10.1038/sj.ejcn.1602833] [Medline: 17609695]
Siegel MB, Naimi TS, Cremeens JL, Nelson DE. Alcoholic beverage preferences and associated drinking patterns and risk
behaviors among high school youth. Am J Prev Med 2011 Apr;40(4):419-426. [doi: 10.1016/j.amepre.2010.12.011]
[Medline: 21406275]
McCann SE, Sempos C, Freudenheim JL, Muti P, Russell M, Nochajski TH, et al. Alcoholic beverage preference and
characteristics of drinkers and nondrinkers in western New York (United States). Nutr Metab Cardiovasc Dis 2003
Feb;13(1):2-11. [doi: 10.1016/s0939-4753(03)80162-x] [Medline: 12772432]
Lachmar EM, Wittenborn AK, Bogen KW, McCauley HL. #MyDepressionLooksLike: examining public discourse about
depression on Twitter. JMIR Ment Health 2017 Oct 18;4(4):e43 [FREE Full text] [doi: 10.2196/mental.8141] [Medline:
29046270]
Alberga A, Withnell S, von Ranson KM. Fitspiration and thinspiration: a comparison across three social networking sites.
J Eat Disord 2018 Nov 26;6:39 [FREE Full text] [doi: 10.1186/s40337-018-0227-x] [Medline: 30534376]
Shepherd A, Sanders C, Doyle M, Shaw J. Using social media for support and feedback by mental health service users:
thematic analysis of a twitter conversation. BMC Psychiatry 2015 Feb 19;15:29 [FREE Full text] [doi:
10.1186/s12888-015-0408-y] [Medline: 25881089]
van Swol LM, Chang C, Kerr B, Moreno M. Linguistic predictors of problematic drinking in alcohol-related Facebook
posts. J Health Commun 2020 Mar 03;25(3):214-222 [FREE Full text] [doi: 10.1080/10810730.2020.1731632] [Medline:
32096449]
Park A, Conway M, Chen AT. Examining thematic similarity, difference, and membership in three online mental health
communities from reddit: a text mining and visualization approach. Comput Hum Behav 2018 Jan;78:98-112 [FREE Full
text] [doi: 10.1016/j.chb.2017.09.001] [Medline: 29456286]
Kavuluru R, Williams AG, Ramos-Morales M, Haye L, Holaday T, Cerel J. Classification of helpful comments on online
suicide watch forums. ACM BCB 2016 Oct;2016:32-40 [FREE Full text] [doi: 10.1145/2975167.2975170] [Medline:
28736770]

Abbreviations
API: application programming interface
BERT: Bidirectional Encoder Representations From Transformers
MMSA: metropolitan-micropolitan statistical area
NLP: natural language processing

https://www.jmir.org/2021/9/e27314

XSL• FO
RenderX

J Med Internet Res 2021 | vol. 23 | iss. 9 | e27314 | p.668
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Ricard & Hassanpour

Edited by G Eysenbach; submitted 21.01.21; peer-reviewed by Y Mao; comments to author 11.02.21; revised version received 30.03.21;
accepted 01.08.21; published 15.09.21.
Please cite as:
Ricard BJ, Hassanpour S
Deep Learning for Identification of Alcohol-Related Content on Social Media (Reddit and Twitter): Exploratory Analysis of
Alcohol-Related Outcomes
J Med Internet Res 2021;23(9):e27314
URL: https://www.jmir.org/2021/9/e27314
doi:10.2196/27314
PMID:34524095

©Benjamin Joseph Ricard, Saeed Hassanpour. Originally published in the Journal of Medical Internet Research
(https://www.jmir.org), 15.09.2021. This is an open-access article distributed under the terms of the Creative Commons Attribution
License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any
medium, provided the original work, first published in the Journal of Medical Internet Research, is properly cited. The complete
bibliographic information, a link to the original publication on https://www.jmir.org/, as well as this copyright and license
information must be included.

https://www.jmir.org/2021/9/e27314

XSL• FO
RenderX

J Med Internet Res 2021 | vol. 23 | iss. 9 | e27314 | p.669
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Huemer et al

Original Paper

Trends and Patterns in the Public Awareness of Palliative Care,
Euthanasia, and End-of-Life Decisions in 3 Central European
Countries Using Big Data Analysis From Google: Retrospective
Analysis
Matthias Huemer1, MD; Daniela Jahn-Kuch1, MSc, MD; Guenter Hofmann1, MD; Elisabeth Andritsch2, MSc; Clemens
Farkas2, MSc; Walter Schaupp3, PhD, MD; Eva Katharina Masel4, MSc, PhD, MD; Philipp J Jost2,5, PhD, MD; Martin
Pichler2, MSc, MD
1

Division of Oncology with affiliated Unit of Palliative Medicine, Department of Internal Medicine, Medical University of Graz, Graz, Austria

2

Division of Oncology, Department of Internal Medicine, Medical University of Graz, Graz, Austria

3

Institute of Moral Theology, University of Graz, Graz, Austria

4

Clinical Division of Palliative Care, Department of Medicine I and Comprehensive Cancer Center, Medical University of Vienna, Vienna, Austria

5

Department of Internal Medicine III - Hematooncology, Technical University of Munich School of Medicine, Technical University of Munich, Munich,
Germany

Corresponding Author:
Martin Pichler, MSc, MD
Division of Oncology
Department of Internal Medicine
Medical University of Graz
Auenbruggerplatz 15
Graz, 8036
Austria
Phone: 43 316385 ext 30196
Fax: 43 31638513355
Email: martin.pichler@medunigraz.at

Abstract
Background: End-of-life decisions, specifically the provision of euthanasia and assisted suicide services, challenge traditional
medical and ethical principles. Austria and Germany have decided to liberalize their laws restricting assisted suicide, thus reigniting
the debate about a meaningful framework in which the practice should be embedded. Evidence of the relevance of assisted suicide
and euthanasia for the general population in Germany and Austria is limited.
Objective: The aim of this study is to examine whether the public awareness documented by search activities in the most
frequently used search engine, Google, on the topics of palliative care, euthanasia, and advance health care directives changed
with the implementation of palliative care services and new governmental regulations concerning end-of-life decisions.
Methods: We searched for policies, laws, and regulations promulgated or amended in Austria, Germany, and Switzerland
between 2004 and 2020 and extracted data on the search volume for each search term topic from Google Trends as a surrogate
of public awareness and interest. Annual averages were analyzed using the Joinpoint Regression Program.
Results: Important policy changes yielded significant changes in search trends for the investigated topics. The enactment of
laws regulating advance health care directives coincided with a significant drop in the volume of searches for the topic of euthanasia
in all 3 countries (Austria: −24.48%, P=.02; Germany: −14.95%, P<.001; Switzerland: −11.75%, P=.049). Interest in palliative
care increased with the availability of care services and the implementation of laws and policies to promote palliative care (Austria:
22.69%, P=.01; Germany: 14.39, P<.001; Switzerland: 17.59%, P<.001). The search trends for advance health care directives
showed mixed results. While interest remained steady in Austria within the study period, it increased by 3.66% (P<.001) in
Switzerland and decreased by 2.85% (P<.001) in Germany.
Conclusions: Our results demonstrate that legal measures securing patients’ autonomy at the end of life may lower the search
activities for topics related to euthanasia and assisted suicide. Palliative care may be a meaningful way to raise awareness of the
different options for end-of-life care and to guide patients in their decision-making process regarding the same.
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Introduction
Background
How and to what extent a person may wish to be cared for when
terminally ill and shortly before death should depend, without
a doubt, solely on the expressed will of the concerned individual.
Freedom of choice also includes the personal right to choose
death over life [1]. In the case of advance health care directives,
the right to a nontreatment decision and the consensual
withdrawal of potentially curative treatments are protected by
regulating acts in most Western countries [2]. Furthermore,
suicide is not considered a crime in such places [2]. However,
there is an ongoing debate on the extent to which a second
person should assist a person in willingly dying [3]. Legal
regulations concerning euthanasia and assisted suicide vary
considerably among European countries. Although the
Netherlands, Luxembourg, and Belgium allow euthanasia and
assisted suicide under specific circumstances, Switzerland has
more liberal legislation concerning assisted suicide but not
euthanasia. Other countries in Europe strictly prohibit a death
that involves a second person [2].
Principally, assisted suicide is not prohibited in Germany, as
suicide per se is not considered a crime, but its commercial
practice was restricted in 2015 [2]. On the other hand, Austria
considers assisted suicide a crime per se and prohibits its
practice entirely [2]. However, in 2020, the debate about
end-of-life decisions was reignited in Germany and Austria after
the constitutional courts in both countries declared the restriction
of assisted suicide unconstitutional [4,5]. Both countries are
currently in the process of liberalizing their legal regulations
concerning this topic. However, voluntary death on demand
remains prohibited in both countries [4,5].
Palliative care is often considered an alternative and sometimes
even contradictory to the active termination of a patient’s life
upon voluntary request [6]. The traditional aim of palliative
care is to improve the quality of life of a severely ill person and
to neither shorten nor unnecessarily prolong that life [7]. Hence,
the European Association of Palliative Care (EAPC) dissociated
itself from implementing euthanasia and assisted suicide in the
context of palliative care in a recently published white paper
[6]. Furthermore, the preventive effect of palliative care on the
desire to hasten death and the request for euthanasia or assisted
suicide has been repeatedly proposed but never confirmed [8,9].
It is more likely that palliative care may act as a filter for patients
to differentiate between those who seek euthanasia and assisted
suicide because of intrinsic reasons and those who have reactive
suicidal thoughts because of severe temporary suffering [8,10].
The desire to die may be either a true conviction of euthanasia
being the only acceptable option for the patient or a way to
express suffering without the explicit wish to hasten death
actively [10]. Suffering could be alleviated through palliative
care, potentially leading to a lower desire to die in some patients
[11]. However, it seems that palliative care does not prevent
https://www.jmir.org/2021/9/e28635
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the request for euthanasia in patients who are already truly
convinced to commit assisted suicide or euthanasia [8]. Hence,
patients expressing a desire to die should be referred to palliative
care to explore the underlying reasons resulting in a desire to
hasten death before granting a request for assisted suicide or
euthanasia [8-11].
Surveys among the general public in Germany and Austria show
an increasing acceptance of euthanasia and assisted suicide
[12-17]. However, these surveys often reflect only a general
opinion toward the topic and rarely ask specifically about the
demand for such options [12-17]. Usually, hypothetical scenarios
of terminally ill persons are presented, and the participants are
asked if euthanasia or assisted suicide is an appropriate option
in a particular case [12-15]. In addition, some of the studies
carry a particular risk of selection bias because of the topic’s
controversial nature [12,14]. People who are unwilling to
participate because of their fundamental beliefs may be
underrepresented. Furthermore, proportionally high participation
of ideological supporters of euthanasia and assisted suicide may
influence the outcome through a self-selection bias in these
voluntary surveys [14].
A novel approach for estimating public interests, awareness,
and behavior is the analysis of big data obtained from internet
search engines such as Google, Yahoo!, and Bing [18]. Recorded
Google search volumes are publicly available in anonymized
form on the Google Trends platform [19]. The data have already
been used to measure public interest in cancer screening [20]
and trend changes in the public awareness of palliative care
after the implementation of new governmental policies [21] or
the death of a celebrity [22]. Google Trends was also used in a
variety of other medical and health-related disciplines [23]. It
was used to predict and track infectious diseases such as
influenza [24] and Lyme disease [25] with comparable accuracy
to traditional methods and represents a valuable epidemiological
tool.
Compared with traditional surveys that assess opinions, a Google
Trends analysis is a useful tool for estimating information needs.
Such trends serve as a proxy for the demand for health care
services, information needs, and curiosity about health-related
topics [23]. A survey across the European Union on internet
use found that 58.71% (15,598/26,566) of the respondents used
the internet to obtain health-related information [26]. Of those
who tried to find specific information about medical treatments
and procedures, 76.5% (2724/3561) conducted searches for
themselves, and 30.3% (1079/3561) had done so for a family
member [26]. A total of 40.51% (1119/2762) of those who rated
their health as bad used the internet to obtain health-related
information [26]. Hence, it is clear that the internet is an
important source of information for Europeans, and search
volumes represent the subjects of interest of a vast number of
European Union citizens.
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Objective
In Germany and Austria, no data about the demand for
euthanasia or assisted suicide are available to date, as no register
or comparable data acquisition is possible because of the
restriction and prohibition of the practices, respectively.
Therefore, in this study, we hypothesize that internet search
behavior might provide a novel approach to gaining essential
insights into the general population’s needs and interests
concerning palliative care, euthanasia, and end-of-life decisions.
This study further aims to assess the influence of expanding
care services and established governmental health care policies
in both countries on the search behavior for each topic.
In addition, we chose Switzerland as a comparator as it is a
(partly) German-speaking country and has already established
practices for assisted suicide.

Methods
Data Collection
Google Trends data are available from January 2004 onward
[19]. Therefore, we searched for relevant governmental policies,
enacted or revised laws, and publicized health care strategies
that emerged between January 2004 and December 2020 in each
country (Germany, Austria, and Switzerland).
Every 6 years (starting in 2007), the EAPC publishes the EAPC
Atlas of Palliative Care in Europe [27-29]. The report reviews
the current status and availability of palliative care services for
every European country. The available services per 100,000
citizens were obtained from each report to assess the
development of palliative care over time.
Google gathers data on every search query performed on its
search engine. The summarized data are publicly available in
anonymous form on the Google Trends webpage [19]. Up to 5
search terms or topics can be simultaneously entered on the
page. In contrast to search terms, search topics summarize
several interrelated search terms and represent interest in a given
topic more accurately. In addition, 4 filters can be applied:
region, time, category, and search type. The output is the relative
volume of queries for the search term or topic of interest to the
total volume of queries in the selected region and period. The
result is then scaled on a range of 0-100. Repeated search queries
of a single user within a short time are not recorded so as to
prevent intentional influence and enhance data quality [18].
In our study, we used three search term topics: palliative care
plus euthanasia plus advance health care directive. All 3 terms
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were entered in the German language. The search topic
euthanasia summarizes queries regarding assisted suicide and
voluntary euthanasia. On January 25, 2021, we downloaded the
data on the monthly relative search volume from January 2004
to December 2020 for Germany, Austria, and Switzerland. We
used all categories and web search as additional filters. After
downloading the data, we calculated the annual mean for each
search topic and performed a trend analysis using the Joinpoint
Regression Program [30]. Finally, we compared the trends in
relative search volumes and the significant turning points
(joinpoints) to the implementation or revision of government
policy changes.

Data Analysis
The Joinpoint Regression Program allows the analysis of trends
over time and identifies apparent changes or turning points in
the direction of a trend [30]. We calculated the yearly average
from the monthly relative search volumes for each keyword and
region and performed a joinpoint analysis using a log-linear
Poisson regression model. Model selection was based on the
Bayesian information criterion. This approach has already been
established in previous studies investigating the impact of
governmental policies on public awareness and internet search
behavior [31].

Results
Legal Developments After 2004
Table 1 shows a timeline of public health strategies and passed
or revised laws for each country. Before 2004, palliative care
services were already established in all 3 countries but were
still in their infancy [32]. At the turn of the millennium, the first
health care policies concerning the care of terminally ill patients
were implemented [33-35]. After that, in all 3 countries,
continuous advancements were made concerning the financing,
education, and implementation strategies for palliative care.
Legal regulations about end-of-life decisions and advance health
care declarations were first passed in 2006 in Austria [36],
followed by Germany in 2009 [37] and Switzerland in 2013
[38]. The provision granted patients a higher degree of autonomy
in their health care decisions. The legislature in Austria further
discriminates between legally binding and nonbinding advance
health care directives [36]. The latter aims to communicate the
patient’s preferences for end-of-life care and allows the treating
physician to reconsider a previously dismissed medical treatment
or procedure depending on the situation, whereas the legally
binding form provides a detailed and definite description of
nontreatment decisions in predefined health conditions [36].
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Table 1. Timeline of public health strategies and laws passed or revised after 2004 for Austria, Germany, and Switzerland.

a

Year

Austria

Germany

Switzerland

2004

Public health care strategy: concept of graded hospice
and palliative care in Austria

Register of health care proxies

—a

2006

Law: advance health care directive (legally binding and —
nonbinding)

2007

Law: health care proxy

Law: specialized ambulatory palliative —
care as a mandatory insurance benefit

2008

—

—

Novelty: adult guardianship law

2009

—

Law: advance health care directive

National strategy: Palliative Care 20102012

2012

—

—

National strategy: Palliative Care 20132015

2013

—

—

Law: advance health care directive

2015

A parliamentary commission of inquiry: “Dignity at the Law: hospice and palliative medicine
end of life” with 51 resolutions for financing, promoting, statute; prohibition of services for asand establishing palliative care services
sisted suicide

Establishment: National Platform for
Palliative Care

2018

Novelty: adult guardianship law

—

2020

Constitutional court rescinds the prohibition of assisted Constitutional court rescinds the prohi- —
suicide
bition of services for assisted suicide

The Swiss Academy of Medical Sciences
issues medical ethics guidelines for palliative care

—

No public health strategies and laws were passed or revised during this year.

Assisted suicide has been exempt from punishment since 1918
in Switzerland and 1751 in Germany, whereas it was explicitly
prohibited in Austria in 1934 [39]. However, Germany restricted
the commercial use of assisted suicide in 2015, meaning that
neither a business-like organization nor a nonprofit institution
could offer assistance in dying [4]. In 2020, the constitutional
courts in Germany and Austria revised their restrictive laws and
declared them unjust, paving the way for the legal practice of
assisted suicide [4,5]. In both countries, legislators are currently
forming meaningful regulations to prevent the duplicitous use

of this practice. Voluntary euthanasia is still prohibited in all 3
countries [39].

Development of Palliative Care Services
The results of the regulatory changes and public health strategies
are regularly reported in the EAPC Atlas of Palliative Care in
Europe [27-29]. In summary, the public accessibility of
stationary, ambulatory, and voluntary services increased
considerably in all 3 countries. Palliative care services per
100,000 citizens doubled from 2007 to 2019 from 0.6 to 2.2 in
Austria, 0.4 to 1.1 in Germany, and 0.5 to 1.1 in Switzerland
[27-29]. The results are summarized in Table 2.

Table 2. Development of palliative care services between 2007 and 2019 for each country.
Country

Palliative care services per 100,000 citizens
2007

2013

2019

Austria

0.6

1.4

2.2

Germany

0.4

0.7

1.1

Switzerland

0.5

0.8

1.1

Internet Search Behavior
General Findings
The search trends for each keyword and country are shown in
Figure 1. In general, the search activity for palliative care
increased over the studied period, whereas interest in euthanasia
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decreased in all 3 countries. The topic of advance health care
directives showed mixed results. The greatest change in the
average annual relative search volume for palliative care
between 2004 and 2020 occurred in Switzerland, where there
was an increase of 13.76% (95% CI 1.43-27.60; P=.03),
followed by Germany with 9.15% (95% CI 6.12-12.27; P<.001)
and then Austria (7.8%, 95% CI 2.96-12.88; P<.001).
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Figure 1. Trends in relative search volume for each country. Vertical dashed lines indicate passed or revised public health strategies or laws concerning
palliative care, euthanasia, or advance health care directives. The colored frames indicate the years of significant trend changes according to the joinpoint
analysis. RSV: relative search volume.

Interest in euthanasia decreased in all 3 countries between 2004
and 2020. However, we found a significant decrease only in
Switzerland, with a change of 4.15% (95% CI −8.09 to −0.04;
P=.047) per year. For Germany and Austria, the relative search
volume decreased by 4.13% (95% CI −11.09 to 3.38; P=.27)
and 6.07% (95% CI −12.78 to 1.15; P=.10), respectively.
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We found different results for the search behavior of advance
health care directives in each country. Although the relative
search volume remained at a consistent level in Austria, with
an insignificant decrease of 0.16% (95% CI −2.27 to 1.99;
P=.87) across the study period, the volume significantly
decreased by 2.85% (95% CI −4.32 to −1.35; P<.001) in

J Med Internet Res 2021 | vol. 23 | iss. 9 | e28635 | p.674
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
Germany and significantly increased by 3.66% (95% CI
1.18-6.21; P<.001) in Switzerland.

Austria
The joinpoint analysis revealed significant trend changes in the
search terms’ trajectories, which are presented in Table 3. We
recorded joinpoints for the interest topics of palliative care and
euthanasia; however, none were found for advance health care
directives. In 2006 and 2007, two new laws regulating advance
health care directives and the appointment of health care proxies
were enacted by the Austrian parliament. Following these
enactments, the relative search volume for euthanasia dropped
by 24.48% (95% CI −39.20 to −6.19). Afterward, 2 periods

Huemer et al
with an insignificant but continuous reduction occurred,
although this trend was more prominent from 2014 to 2018 than
from 2007 to 2014 (Table 3). Toward the end of the study period
in 2020, we observed a positive trend, although the difference
was not significant (Table 3). In 2015, the parliamentary
commission of inquiry regarding dignity at the end of life
adopted 51 resolutions to promote and fund palliative care,
followed by a 22.69% (95% CI 7.05-40.61; P=.01) increase in
the search interest in palliative care. Until then, there had been
a positive but small slope (Table 3). Although it fluctuated over
the whole study period, the search trend for advance health care
directives remained at a steady level without significant trend
changes between 2004 and 2020 (Table 3).

Table 3. Trend periods and annual percentage of change in the search volume for each term in Austria.
Trend periods

Annual change (95% CI; %)

P value

2004-2015

1.65 (−2.44 to 5.91)

.40

2015-2020

22.69 (7.05 to 40.61)

.01

2004-2007

−24.48 (−39.20 to −6.19)

.02

2007-2014

−0.42 (−7.46 to 7.15)

.89

2014-2018

−15.02 (−31.59 to 5.55)

.12

2018-2020

29.74 (−15.91 to 100.17)

.19

−0.16 (−2.27 to 1.99)

.87

Palliative care

Euthanasia

Advance health care directive
2004-2020

Germany
The search trends in Austria and Germany were similar;
however, the latter had joinpoints in all 3 keywords. The results
are summarized in Table 3. With the legal regulation of advance
health care directives in 2009, the relative search volume for
euthanasia dropped by 14.39% (95% CI −21.80 to −7.50;
P<.001). After a slight positive trend, a negative slope appeared
in 2015, followed by a positive trend in 2018. However, none
of these changes were significant (Table 4). Within the relative
search volume trend for palliative care, one joinpoint was
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determined in 2014, dividing the overall period into 2 segments
of significant positive slopes. Although in the first period the
interest grew continuously by 6.12% (95% CI 2.93-9.40;
P<.001), a sudden rise of 14.39% (95% CI 7.06-22.23; P<.001)
appeared in 2014 after the enactment of a law regulating hospice
and palliative care accessibility. Interestingly, the search trend
for advance health care directives followed a pattern comparable
with the trend for euthanasia, with a drop of 15.42% (95% CI
−22.03 to −8.25; P<.001) in 2008. Afterward, the search activity
grew between 2008 and 2012 but became negative thereafter
(Table 4).

J Med Internet Res 2021 | vol. 23 | iss. 9 | e28635 | p.675
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Huemer et al

Table 4. Trend periods and annual percentage of change in the search term for each term in Germany.
Trend periods

Annual change (95% CI; %)

P value

2004-2014

6.12 (2.93 to 9.40)

<.001

2014-2020

14.39 (7.06 to 22.23)

<.001

2004-2009

−14.95 (−21.80 to −7.50)

<.001

2009-2015

4.13 (−4.26 to 13.26)

.28

2015-2018

−16.83 (−42.88 to 21.08)

.27

2018-2020

24.97 (−14.17 to 81.95)

.20

2004-2008

−15.42 (−22.03 to −8.25)

<.001

2008-2012

5.19 (−7.49 to 19.62)

.39

2012-2020

−3.30 (−5.98 to −0.55)

.01

Palliative care

Euthanasia

Advance health care directive

Switzerland
In Switzerland, similar trends in search activity, presented in
Table 5, were found. The adult guardianship law was amended
in 2008, and it included the regulation of advance health care
directives. This amendment was followed by a decrease of
11.75% (95% CI −22.09 to −0.04; P=.049) in the relative

volume of searches for euthanasia between 2004 and 2009. In
the following years, the trend remained stable and slightly
negative (Table 5). However, this result is likely biased by the
extraordinary peak in the relative search volume in 2005. At
that time, the broad public debate about euthanasia and suicide
tourism coincided with a higher search activity [40].

Table 5. Trend periods and annual percentage of change in the search volume for each term in Switzerland.
Trend periods

Annual change (95% CI; %)

P value

2004-2006

73.35 (−21.41 to 282.38)

.15

2006-2011

−9.44 (−29.48 to 16.30)

.39

2011-2020

17.59 (9.40 to 26.40)

<.001

2004-2009

−11.75 (−22.09 to −0.04)

.049

2009-2020

−0.49 (−4.15 to 3.32)

.78

3.66 (1.18 to 6.21)

<.001

Palliative care

Euthanasia

Advance health care directive
2004-2020

Nevertheless, after 2009 (the calculated joinpoint), no likewise
peak was observed, and the overall trend followed a negative
slope (Table 5). For palliative care, the search activity increased
significantly by 17.59% (95% CI 9.40-26.40; P<.001) from
2011 onward after the government proposed its first national
strategy for promoting the implementation of palliative care.
Interest in advance health care directives increased significantly
by 3.66% (95% CI 1.18-6.21; P<.001) across the study period.

Discussion
Principal Findings
Our study results show that between 2004 and 2020, substantial
legal and public health efforts were made to promote patients’
autonomy in regulating end-of-life decisions and develop
palliative care services in Austria, Germany, and Switzerland,
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as summarized in Table 1. According to our analysis, a reduction
in search activity for topics related to euthanasia ensued. At the
same time, interest in palliative care in all 3 countries increased.
Our results support previous findings regarding why individuals
consider or eventually choose voluntary death. The fear of losing
control over medical decisions and being helpless against a
system capable of unnecessarily prolonging a life of suffering
puts individuals under pressure to take action themselves [41].
Euthanasia, assisted suicide, and advance health care directives
grant individuals a high level of autonomy and self-control,
especially at the end of their life. Precise regulations for advance
health care directives may have provided a viable alternative
option to assisted suicide. For example, the provision of
alternatives decreased interest in euthanasia, according to our
results. Of note is the significant increase in the search interest
in advance health care directives in Switzerland, even though
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(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
assisted suicide is available. Specifically, we found significant
trend changes that aligned with specific governmental actions.
We found that public awareness of palliative care increased
with the realization of public health strategies and the enactment
of laws to regulate funding, education, accessibility, and
insurance coverage related to palliative care. A previous study
using Google Trends data from the United States showed similar
results, with increased public awareness for palliative care from
January 2005 to December 2015 [21]. The authors also suggest
a correlation between this increase in search queries and changes
in insurance providers’ policies promoting advance care
planning and the growth in nationwide palliative care service
provision [21]. This result underlines the importance of
government efforts to strengthen public awareness and promote
access to palliative care services for those who need them. It is
important to mention that interest in palliative care also
increased in Switzerland, a country with established practices
for assisted suicide. However, the government actions
concerning palliative care did not align with the trend changes
in the search activity for euthanasia, suggesting that there were
other factors with a more significant impact on the decreased
interest in assisted suicide and death on demand, such as legal
regulations concerning the promotion of autonomy at the end
of life. The embedment of advance health care directives and
the legal appointment of health care proxies into a legal
framework was followed by a significant drop in search queries
for terms related to euthanasia and assisted suicide.
Before legal regulations were put in place, advance health care
directives were a gray area and were theoretically not legally
binding, allowing them to be overruled by caregivers and
medical staff without facing consequences [42]. The formulation
of a sound legal framework eliminated this uncertainty for
patients and has potentially led to a higher sense of autonomy,
which is in a complex relationship with perceived dignity and
personal identity [10]. The desire to maintain a sense of control
and autonomy also includes the desire to control different
aspects of one’s dying process but not necessarily wishing to
hasten death actively [43]. However, situations threatening
autonomy may be experienced as an undermining of one’s
dignity, evoking existential fears of patients that may produce
a sense of urgency to take self-action [43]. On the other hand,
promoting autonomy with the provision of advance care
planning leads to higher emotional and mental well-being [44]
and quality of life [45] of patients with progressive life-limiting
diseases. It appears that the legal regulations of advance health
care directives secured the wish to maintain control over the
dying process and led to the decreased necessity of seeking
information about other opportunities, such as traveling to other
countries for assisted suicide.
The significant increase in popularity of search terms related to
advance health care directives in Switzerland, the only studied
country with established legal practices of assisted suicide,
supports the hypothesis that they are a viable alternative option.
However, this trend showed different results in the other 2
countries compared with that in Switzerland. At the beginning
of the study period, in Germany, the high search volume might
have resulted from a high degree of uncertainty about the legal
options available, leading to increased search activity to obtain
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information about the requirements for advance health care
directives. Formulating clear regulations could have led to a
drop in the queries as it was easier to obtain precise details about
such practices. In Austria, the search volume for advance health
care directives did not change considerably during the study
period. This raises the question of which factors may have
contributed to this trend. Although the new legal framework
provides clear definitions for legally binding directives and
grants a high degree of self-determination through its binding
character, Austrians face a cost barrier of up to €500 (US
$584.50) for the certifying notary [46]. This is approximately
one-third of the average middle-class salary and hinders
low-income Austrians from accessing this option [46]. In
practice, patients use legally binding directives less frequently
than nonlegally binding directives, which require neither notarial
certification nor informed consent or discussion with a physician
[47]. Therefore, patients may not seek as much information
about how to arrange a legally binding directive or may discuss
potentially confusing options primarily with their physicians.
Given the current developments in Germany and Austria, which
tend to legalize assisted suicide practices, palliative care services
could be involved in the decision-making process to find the
best solution for each patient. Professional palliative caregivers
are experienced in discussing sensitive topics such as end-of-life
decisions and can inform patients about the different options in
an evidence-based manner. Recent literature reviews have
highlighted the benefits of early palliative care implementation
in oncology, including an increase in the number of stipulated
advance health care directives [48]. Therefore, palliative care
may serve as a filter for patients with a genuinely intrinsic wish
to hasten death actively and guide them in a meaningful and
supportive way [8]. Evaluating the underlying reasoning, fears,
and perhaps misunderstandings of individuals about end-of-life
care is crucial in preventing the misuse of euthanasia and
assisted suicide [49-52]. With the legalization of assisted suicide,
it would be reasonable to simultaneously increase the
accessibility of palliative care and extend its early integration
into the treatment of terminally ill patients.

Limitations
Some limitations of this study need to be discussed. First, this
is a correlative retrospective study, and hence, it does not allow
for definite conclusions about causal relationships between the
enactment of policies and the investigated search trends.
However, we tried to minimize the potential bias by comparing
the trends in 3 comparable countries and were able to show
similar results, even in Switzerland, which has notably liberal
regulations concerning the practice of assisted suicide.
Second, Google Trends does not provide absolute numbers and
therefore lacks transparency to some extent. Researchers can
rely only on the process description that Google publishes on
its webpage concerning the handling of its data [19]. Of note
are the preventive measures taken against bias by limiting the
number of queries per user within a specific time. With this,
active manipulation and repeated search queries (eg, during a
literature search) did not influence the overall search volume
and therefore represented the search activity within a region
more accurately.
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Third, we used search topics instead of definite search terms to
limit the chances of choosing a less commonly used search term.
However, this option may have also included nonspecific search
terms. The most popular search terms are still included in the
output of a trend query, and in our case, these queries
predominantly showed specific terms related to the research
question in this study. The output (in German) for each country
and each search topic are presented in Tables S1-S3 in
Multimedia Appendix 1.

suicide, and end-of-life decisions. In particular, policy makers
may use these findings to target potential weaknesses within
current regulations (eg, the cost barrier for advance health care
directives in Austria). Governmental promotion of the early
implementation of palliative care into life-threatening disease
trajectories may be another meaningful action. Experts in
palliative care can sensitize patients to arranging advance health
care directives, inform them about the different options at the
end of life, and resolve misunderstandings.

Fourth, the trend changes might have been influenced by factors
other than legal regulations and health care policies. For
example, through the constant improvement of disease-specific
and supportive therapies over the past two decades, the disease
burden of many life-limiting diseases decreased while
simultaneously focusing on enhancing patients’ quality of life
[53].

Conclusions

Implications
Our study provides novel and essential information about the
demands and interests of the residents of Austria, Germany,
and Switzerland concerning palliative care, euthanasia, assisted

Our study shows, for the first time, that governmental
regulations, precise legal definitions, and broader access to
advance health care directives might reduce interest in
euthanasia, suggesting that loss of control is one of the
predominant factors involved in the desire to hasten death. Early
palliative care can guide patients through the necessary
decision-making processes from the point of the diagnosis of a
life-threatening disease to their death and provide advance care
planning. After all, it is and has always been a core principle of
palliative care to promote and value the autonomy of patients.
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Abstract
Background: Norovirus is a contagious disease. The transmission of norovirus spreads quickly and easily in various ways.
Because effective methods to prevent or treat norovirus have not been discovered, it is important to rapidly recognize and report
norovirus outbreaks in the early phase. Internet search has been a useful method for people to access information immediately.
With the precise record of internet search trends, internet search has been a useful tool to manifest infectious disease outbreaks.
Objective: In this study, we tried to discover the correlation between internet search terms and norovirus infection.
Methods: The internet search trend data of norovirus were obtained from Google Trends. We used cross-correlation analysis
to discover the temporal correlation between norovirus and other terms. We also used multiple linear regression with the stepwise
method to recognize the most important predictors of internet search trends and norovirus. In addition, we evaluated the temporal
correlation between actual norovirus cases and internet search terms in New York, California, and the United States as a whole.
Results: Some Google search terms such as gastroenteritis, watery diarrhea, and stomach bug coincided with norovirus Google
Trends. Some Google search terms such as contagious, travel, and party presented earlier than norovirus Google Trends. Some
Google search terms such as dehydration, bar, and coronavirus presented several months later than norovirus Google Trends. We
found that fever, gastroenteritis, poison, cruise, wedding, and watery diarrhea were important factors correlated with norovirus
Google Trends. In actual norovirus cases from New York, California, and the United States as a whole, some Google search
terms presented with, earlier, or later than actual norovirus cases.
Conclusions: Our study provides novel strategy-based internet search evidence regarding the epidemiology of norovirus.
(J Med Internet Res 2021;23(9):e24554) doi:10.2196/24554
KEYWORDS
norovirus; Google Trends; correlation; outbreak; predictors

Introduction
Norovirus, also named stomach bug or winter vomiting bug, is
a kind of contagious virus leading to gastroenteritis [1]. It is
https://www.jmir.org/2021/9/e24554
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responsible for almost 20% of acute gastroenteritis cases
worldwide [2]. Especially in cruise ships, norovirus is the most
common cause of gastrointestinal illness [3]. The symptoms of
norovirus include diarrhea, nausea, and vomiting, and it can be
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transmitted by contaminated water, contaminated food, and
person-to-person contact [4,5]. Polymerase chain reaction and
enzyme-linked immunosorbent assay are useful methods to
diagnose norovirus infection [6,7]. Thus far, there have been
no specific drugs to treat norovirus infection. In the prevention
of norovirus, hand washing and disinfectants are important and
effective methods. In addition, avoiding contaminated water
and contaminated food in restaurants are useful methods to
prevent norovirus.
It is important to rapidly recognize and report norovirus
infection. In the United States, the US Centers for Disease
Control and Prevention (CDC) report and monitor the outbreak
of gastroenteritis with an internet search system. In addition,
other surveillance systems, such as the Foodborne Diseases
Active Surveillance Network, can be used to report the trends
of foodborne disease outbreaks [8]. However, these surveillance
and reporting systems have a lag of 1 to 2 weeks after an
outbreak due to the reporting and verification procedure. Internet
search has been a useful method for people to access information
immediately. Infodemiology is an emerging field based on
public attention, knowledge, opinion, etc [9]. Data from
infodemiology could be acquired and analyzed to enhance public
health [10] and predict outbreaks of disease such as influenza
[11]. In addition, infodemiology could also be used to monitor
foodborne disease, gastroenteritis, dengue, etc [12]. Apart from
Google search, search engines from other platforms including
Facebook and Twitter can benefit infoveillance [13]. Yang et
al [14-16] revealed the correlation between internet search trends
and suicide incidence and depression. In addition, internet
searches have been used to monitor infectious diseases,
including influenza and Lyme disease [17,18]. Mavragani et al
[19] analyzed 104 published papers published from 2006 to
2016 related to Google Trends and found that the monitoring
of online queries can provide insight into human behavior. In
addition, Nuti et al [20] analyzed 70 papers published from
2009 to 2013 and discovered the topic domains related to Google
Trends were general population behavior, infectious disease,
noncommunicable diseases, mental health, and substance use.
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various terms in monthly granularity. The normalization of data
indicated that the values vary from 0 to 100. The value 0
indicated very low search volumes that are not included in the
results, while the value 100 indicated very high search volumes.
The data are retrieved directly from the Google Trends Explore
page in .csv format after keywords are entered and the region,
period, and category are selected (see Multimedia Appendix 1)
[22]. We chose geographic locations for search volumes as the
states of New York and California and the United States as a
whole. A time range from January 1, 2004, to December 31,
2018, was chosen. The category was limited to Health to avoid
unrelated results of Google searches. We used 50 search terms
to reflect a broad sense of norovirus: “norovirus,”
“gastroenteritis,” “diarrhea,” “vomiting,” “dehydration,”
“contaminated,” “norovirus infection,” “watery diarrhea,”
“contagious,” “contaminated water,” “Norwalk virus,”
“noroviruses,” “acute gastroenteritis,” “stomach flu,” “viral
gastroenteritis,” “winter vomiting disease,” “stomach bug,”
“travel,” “party,” “barbecue,” “cruise,” “oyster,” “bar,”
“restaurant,” “wedding,” “hotel,” “motel,” “virus,” “infectious,”
“outbreak,” “rotavirus,” “coronavirus,” “influenza,” “food
poisoning,” “incubation period,” “fever,” “poison,” “CDC,”
“vaccine,” “Chipotle,” “ship,” “hand sanitizer,” “wash hand,”
“flu symptom,” “streptococcus,” “antibiotics,” “candidiasis,”
“otitis media,” “skin rash,” and “coxsackie virus.” These terms
were chosen to indicate the related symptoms of and risk factors
for norovirus. These terms could provide positive and negative
information about norovirus. The Google Trends data were
exhibited on a monthly basis. No patient records or personal
information were included in the search results of Google
Trends. Google Trends normalizes search data to make
comparisons between terms easier. Search results are normalized
to the time and location of a query. Each data point is divided
by the total searches of the geography and time range it
represents to compare relative popularity. The resulting numbers
are then scaled on a range of 0 to 100 based on a topic’s
proportion to all searches on all topics [23].

Actual Norovirus Cases Acquisition

In this study, we discovered a correlation between internet
search terms and norovirus. The search trend of Google Insight
was extracted and used in our study. Certain keywords in the
Google search trend included “diarrhea,” “vomiting,” “fever,”
etc. These keywords could reflect the characteristics of norovirus
infection. We also conducted a monthly time series analysis to
discover the relationship between internet search terms and
norovirus. We hoped to provide new insight to reveal the
epidemic and outbreak of norovirus using internet search data.

Actual norovirus cases from California, New York, and the
country as a whole were obtained from the National Outbreak
Reporting System (NORS) at the CDC [24,25]. We limited the
etiology to “norovirus” ranging from 2004 to 2018. In addition,
the illnesses in every month varied from January 2004 to
December 2018. Cross-correlation analysis was conducted to
reveal the relationship between actual norovirus cases and
internet search terms.

Methods

SPSS for Windows (version 20.0, IBM Corp) was used for
statistical analysis. A 2-stage modeling process was conducted
to evaluate the correlation between norovirus and internet search
trends. Cross-correlation analysis was conducted to reveal the
relationship between 2 parameters. Cross-correlation is a method
to discover the correlation between 2 time series parameters
contemporaneously and with various lagged values.
Cross-correlation could help researchers understand the
relationship between 2 parameters. In addition, cross-correlation
analysis could also help researchers understand whether one

Internet Search Approach
The internet search data relating to norovirus were obtained
from Google Trends [21]. Google Trends is a useful website to
discover search queries from various regions and countries. This
tracking system could also provide detailed analysis of Google
searches. Google Trends could provide long time series and
geographical search locations. Google Trends is in widespread
use to investigate medical topics. We downloaded the data of
https://www.jmir.org/2021/9/e24554
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parameter was preceded by or followed another. Thus,
cross-correlation could estimate the time lag of norovirus and
other internet search trend terms. The results of cross-correlation
were reported in our study.

of internet search data. Those terms with variance inflation
factor >10 were excluded from the model. The summary of
multiple linear regression was reported as results. A 2-tailed
P<.05 was regarded as significant in all analyses.

We used a multiple linear regression method to recognize the
most important predictors of internet search trends. Multiple
linear regression was used in the second stage to analyze the
internet search terms. A stepwise method in multiple linear
regression was conducted to discover significant parameters
correlated with norovirus. It also could help researchers evaluate
the variation in monthly norovirus counts explained with
significant parameters. A stepwise method could reduce the
collinearity that internet search might be intercorrelated. The
variance inflation factor was used to evaluate the collinearity

Results
Basic Features Description
The results of Google Trends in the state of New York from
January 2004 to December 2018 were downloaded in our study.
Except for the search term “norovirus,” a total of 50 keywords
from Google Trends were downloaded. Visual inspection
indicated that the value of norovirus in Google Trends peaked
around December to February in most years (Figure 1). The
basic features of actual norovirus cases are shown in Figure 2.

Figure 1. The basic features of the norovirus Google search.
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Figure 2. The basic features of actual norovirus cases.

Temporal Correlation in New York

“coronavirus” presented several months later than norovirus
Google Trends.

We used cross-correlation analysis to discover the temporal
correlation between norovirus and other terms. The internet
search terms were included for cross-correlation analysis with
norovirus. Multimedia Appendix 2 indicates the results of the
cross-correlation of norovirus and other internet search terms.
The gray markup shows the lead pattern for norovirus and other
internet search terms. The search terms “gastroenteritis,” “watery
diarrhea,” “stomach flu,” “winter vomiting disease,” “stomach
bug,” and “food poisoning” were coincided with norovirus in
Google Trends. The search terms of “contagious,” “travel,”
“party,” “restaurant,” “wedding,” “hotel,” “infectious,” and
“poison” presented earlier than norovirus Google Trends. The
search terms of “dehydration,” “bar,” “Chipotle,” and

After discovering the temporal correlation between norovirus
and other terms, we used multiple linear regression with the
stepwise method to recognize the most important predictors of
internet search trends and norovirus. The search terms that did
not have a relationship with norovirus were excluded from the
cross-correlation analysis. The internet search terms in
Multimedia Appendix 2 were included for multiple linear
regression analysis with a norovirus search. The results indicated
that searches for “stomach flu,” “stomach bug,” “winter
vomiting disease,” “gastroenteritis,” and “cruise” were
significant predictors of norovirus search and accounted for
55% (R2) of the variation in norovirus search (Table 1).

Table 1. Stepwise regression model of norovirus and correlated internet search trends in New York State.
Search term

Model summary
Standardized β

SE

P value

Stomach flu

0.24

0.06

<.001

Stomach bug

0.29

0.06

<.001

Winter vomiting disease

0.24

0.05

<.001

Gastroenteritis

0.13

0.05

.01

Cruise

0.16

0.07

.03

Norovirus also refers to stomach flu, stomach bug, or winter
vomiting disease. We excluded these terms to identify the
possible predictors of norovirus. Therefore, “stomach flu,”
“stomach bug,” “winter vomiting disease,” and “norovirus
infection” were excluded in this multiple linear regression
analysis. The results showed that searches for “fever,”
“gastroenteritis,” “poison,” “cruise,” “wedding,” “watery

https://www.jmir.org/2021/9/e24554
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diarrhea,” and “acute gastroenteritis” accounted for 40% (R2)
of the variation in the norovirus search (Table 2). We found that
the symptoms of gastroenteritis, including vomiting and watery
diarrhea, were important factors that were significantly
correlated with norovirus. In addition, activities such as cruise
and wedding were important in norovirus outbreak.
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Table 2. Stepwise regression model of norovirus and correlated internet search trends excluded alternate names of norovirus in New York State.
Search term

Model summary
Standardized β

SE

P value

Fever

0.33

0.08

<.001

Gastroenteritis

0.19

0.06

.001

Poison

–0.16

0.05

.002

Cruise

0.32

0.10

.001

Wedding

–0.34

0.11

.002

Watery diarrhea

0.09

0.04

.02

Acute gastroenteritis

0.09

0.04

.04

Identifying Predictors of Actual Norovirus Cases
In this study, we evaluated the temporal correlation between
actual norovirus cases in New York and internet search terms
in New York. The data from actual norovirus cases were
downloaded from the CDC. As shown in Multimedia Appendix
3, the search terms “norovirus,” “gastroenteritis,” “norovirus
infection,” “contagious,” and “acute gastroenteritis” were
coincided with actual norovirus cases in New York. The search
terms “travel,” “party,” “barbecue,” and “cruise” presented
earlier than actual norovirus cases in New York. The search
terms “dehydration,” “winter vomiting disease,” “outbreak,”
and “rotavirus” presented one or several months later than actual
norovirus cases in New York.
Furthermore, we evaluated the temporal correlation between
actual norovirus cases in California with internet search terms
in California. The search terms including “barbecue,” “oyster,”
“bar,” and “infectious” were presented one or several months
earlier than actual norovirus cases in California. The search
terms including “diarrhea,” “vomiting,” “contagious,”
“contaminated water,” and “Norwalk virus” were presented one
or several months later than actual norovirus cases in California.
The detailed information is shown in Multimedia Appendix 4.
In addition to New York and California, we also evaluated the
temporal correlation between actual norovirus cases with internet
search terms within the United States. The search terms
“vomiting,” “contaminated,” “norovirus infection,” and
“contagious” coincided with actual norovirus cases in the United
States. Search terms including “travel,” “party,” “cruise,”
“restaurant,” and “wedding” presented one or several months
earlier than actual norovirus cases in the United States. The
search terms “gastroenteritis,” “diarrhea,” “dehydration,” and
“watery diarrhea” presented one or several months later than
actual norovirus cases in the United States. The detailed
information is shown in Multimedia Appendix 5.

Discussion
Principal Findings
In our study, we found that norovirus was correlated with the
search terms “gastroenteritis,” “diarrhea,” “vomiting,”
“dehydration,” “contagious,” “stomach flu,” “stomach bug,”
“restaurant,” and “food poisoning.” In the total related search
terms, gastroenteritis, diarrhea, watery diarrhea, fever, vomiting,
https://www.jmir.org/2021/9/e24554
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and dehydration were typical symptoms of norovirus. Stomach
flu, winter vomiting disease, and stomach bug are other names
of norovirus. Restaurant and bar were food service settings that
occurred with norovirus outbreaks. Chipotle Mexican Grill is
a specific restaurant that has experienced norovirus outbreaks
in the United States. Apart from the previous search terms,
streptococcus and coxsackievirus were related to norovirus.
Infections with streptococcus and coxsackievirus have
characteristics similar to those of norovirus, such as fever and
contagious features.
Infodemiology could be discovered and analyzed in near real
time. Many disease outbreaks could be predicted and monitored
by infodemiology. The applications of infodemiology included
queries analysis with internet search engines, people’s status
updates monitor, publications related to public health monitors,
etc. Patthi et al [26] used Google Trends from 2004 to 2016 to
investigate the global search trends of oral problems. Their
method provided an insight to analyze and compare oral disease
over time on a mass population. Shimkhada et al [27] used
Twitter Chat to identify barriers and responsive policy of
patients with metastatic breast cancer care. Klein et al [28]
conducted Twitter data to track the spread of COVID-19.
Johnson et al [29] performed Google Trends to monitor sexually
transmitted infections Chicago. Thus, infodemiology could
provide valuable insights into health-related behavior of
populations [9].
In this study, we discovered the correlation between norovirus
and other search terms in Google search trends. Norovirus is a
kind of infectious disease leading to diarrhea and vomiting [30].
Extremely or chronic diarrhea and vomiting can lead to
dehydration in some cases of norovirus illness patients [31,32].
There are various transmission methods for norovirus [33]. First,
noroviruses are transmitted to healthy people by contaminated
food [34,35]. Foods such as oysters or fruits might be
contaminated by water containing norovirus particles [36].
Second, noroviruses can be transmitted to healthy people by
contaminated water [37]. Last, the norovirus could spread to
healthy people by surfaces contaminated by infected people
[38]. Therefore, norovirus particles easily infect healthy people
via contaminated food, water, and surfaces. Because an effective
vaccine to prevent norovirus has not been discovered, it is
important for healthy people to prevent norovirus infection by
washing hands thoroughly [39]. The transmission of norovirus
could be effectively decreased by practicing proper hand
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hygiene, preparing food safely, sterilizing surfaces, and washing
laundry thoroughly. In this study, we used reasonable prior
knowledge of norovirus-related risks to define our list of search
terms. In order to cover a wider range of norovirus-related
search, we adopted a loose criteria to choose the terms used in
this paper that can be used to predict norovirus outbreak.
This study discovered the temporal correlation between
norovirus and other terms. Dehydration would be caused by
chronic diarrhea or vomiting in older adults or young children.
Thus, the search terms including “dehydration” were presented
several months later than norovirus in Google Trends.
Interestingly, the search term “contagious” was presented earlier
than “norovirus” in Google Trends. This indicated that people
might contact some contaminated water or food. In addition,
people might contact directly with other people who are infected
with norovirus. Therefore, they search the term “contagious”
before “norovirus.” Apart from typical symptoms, the stepwise
regression model showed that internet searches for “cruise” and
“wedding” accounted for predictors in the norovirus search.
Thus, the internet search terms of some activities might be useful
indicators of norovirus outbreaks. In these cases, internet search
might occur several months earlier than actual activity for the
purpose of reservation and planning ahead of these activities.
Apart from norovirus Google Trends, we also used the data of
actual norovirus cases to validate the conclusion. In New York,
the cross-correlation analysis of actual norovirus cases and
internet search terms showed that the results were similar to
norovirus in Google Trends. The Google Trends results of
“travel,” “party,” and “wedding” presented one or several
months earlier than actual norovirus cases. This result indicated
that the search terms “party” and “travel” might be factors of
norovirus outbreaks. “Party” and “travel” would lead to people
gathering and cause norovirus transmission. This search strategy
could be a useful method to predict and monitor outbreaks of
norovirus in New York and the United States. Later, we also
evaluated the temporal correlation between actual norovirus

Yuan et al
cases in California with internet search terms in California.
However, the results of California were different from those of
New York and the United States. The geographic area of
California was much bigger than New York. The California
illnesses in every norovirus outbreak might be less than New
York. It could explain the reason for the difference between
New York and California.

Limitations
There are some limitations in this work. First, we tried to
discover the correlation between internet search terms and
norovirus infection in New York, California, and the United
States. Other countries in the world were not included in this
study. The results of the United States with Google Trends
might not be applied to other countries worldwide. Second, the
internet search engine Google was used in this study, other
internet search engines and social networking services such as
Bing, Twitter, and Facebook were not included in this study.
In the future, the social networking services could be included
to evaluate outbreaks of norovirus. Last, the norovirus data and
Google Trends data were available monthly. Thus, we have not
calculated the correlation between daily data on norovirus
infections or hospitalizations with Google Trends data in this
study. In the future, the correlation between daily data on
norovirus infections or hospitalizations with Google Trends
data could be explored if the daily data are available.

Conclusions
In this study, we used Google search trends to investigate the
correlation between internet searches and norovirus. The data
were downloaded from Google Trends and NORS at the CDC.
We used cross-correlation analysis to discover the temporal
correlation between norovirus and other terms. We found that
search trend data from Google is useful to predict norovirus
outbreak. Our study provides a novel strategy based on internet
search data to investigate the infodemiology of norovirus and
monitor the outbreak of norovirus in the future.
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Abstract
Background: Wearables have been used widely for monitoring health in general, and recent research results show that they
can be used to predict infections based on physiological symptoms. To date, evidence has been generated in large, population-based
settings. In contrast, the Quantified Self and Personal Science communities are composed of people who are interested in learning
about themselves individually by using their own data, which are often gathered via wearable devices.
Objective: This study aims to explore how a cocreation process involving a heterogeneous community of personal science
practitioners can develop a collective self-tracking system for monitoring symptoms of infection alongside wearable sensor data.
Methods: We engaged in a cocreation and design process with an existing community of personal science practitioners to jointly
develop a working prototype of a web-based tool for symptom tracking. In addition to the iterative creation of the prototype
(started on March 16, 2020), we performed a netnographic analysis to investigate the process of how this prototype was created
in a decentralized and iterative fashion.
Results: The Quantified Flu prototype allowed users to perform daily symptom reporting and was capable of presenting symptom
reports on a timeline together with resting heart rates, body temperature data, and respiratory rates measured by wearable devices.
We observed a high level of engagement; over half of the users (52/92, 56%) who engaged in symptom tracking became regular
users and reported over 3 months of data each. Furthermore, our netnographic analysis highlighted how the current Quantified
Flu prototype was a result of an iterative and continuous cocreation process in which new prototype releases sparked further
discussions of features and vice versa.
Conclusions: As shown by the high level of user engagement and iterative development process, an open cocreation process
can be successfully used to develop a tool that is tailored to individual needs, thereby decreasing dropout rates.
(J Med Internet Res 2021;23(9):e28116) doi:10.2196/28116
KEYWORDS
symptom tracking; COVID-19; wearable devices; self-tracking; citizen science; netnographic analysis; cocreation
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Introduction
Background
Patient- or participant-led research has been suggested to
improve self-management capabilities [1] and provide ways to
generate otherwise undone science [2,3]. A particular subtype
of participant-led research is personal science, which involves
the use of empirical methods by individuals to pursue personal
health questions [4]. Personal science is a distinct category of
citizen science that has emerged from the Quantified Self
community and its efforts to advance participant-led research
[5,6]. In personal science, practitioners almost always take the
lead in all stages of the research process by definition [4]. Owing
to this high level of individual engagement and tailoring to
individuals’ interests, personal science has the potential to
deliver novel insights relevant to its practitioners [7], which can
lead to an improved sense of agency and quality of life [8].
Furthermore, the insights and self-expertise generated by these
types of participant-led processes have potential relevance for
professional and scientific research, both topically as a source
of ideas and methodologically as a source of tools, analytical
approaches, and workflows [9].
Wearable devices—from wristbands to smartwatches and other
personalized, miniaturized on- and around-body devices—are
frequently used by self-trackers. These devices are becoming
increasingly common and are used for a wide spectrum of
well-being, fitness, and health-related purposes [10]. This is
further facilitated by the fact that the number of sensors used
in these devices is growing rapidly. In addition to accelerometers
and gyroscopes to track physical activity, sensors to measure
physiological signals such as heart rate, body temperature,
respiratory rate, and blood oxygen saturation, which may
correspond to the health or sickness state of the human body
[11], are also frequently found in wearables [12,13].
Consequently, even outside the realms of personal science,
wearables have long been seen as promising tools for facilitating
health-related monitoring and enabling personalized medicine
[14,15] and have been proposed or used to monitor conditions
as diverse as cardiovascular disease [16,17], Alzheimer [18],
and graft-versus-host disease [19].
In response to the COVID-19 pandemic, interest in using
wearable technology for infection prediction and surveillance
has increased [20-22]. Anecdotal reports from self-trackers
suggest that wearables may provide evidence of COVID-19
infection [23]. During the first year of the COVID-19 pandemic,
a small number of studies appeared, highlighting that wearable
devices, often along with self-reported symptoms, might indeed
be used for the early detection of COVID-19 infections and to
assess physiological symptoms [24-27]. The majority of these
studies take a crowdsourcing-based approach—in which
participants are invited to contribute by providing their own
wearable data along with regular symptom reports and
COVID-19 test results—as the main way of engaging
individuals. The goal of the data collection process in these
studies is to create big data sets to interrogate.
In contrast, there have been limited efforts to engage personal
scientists in cocreating such symptom tracking efforts. Personal
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science practices are largely done in isolation, and the Quantified
Self movement has consequently accumulated limited
knowledge so far [8]. To fill this gap, we present a case study
of Quantified Flu (QF), a project cocreated by a community of
personal science practitioners in response to the COVID-19
pandemic.

Objective
The goals of this work are twofold. First, we documented the
contrasting cocreation approach of QF with its focus on personal
science rather than large-scale research. To this end, we used
netnographic methods to document how the cocreation process
developed and generated a citizen science platform prototype
over a relatively short period. Second, we explored the
consequences of the projects’ contrasting cocreation approach
and focused on personal science, particularly with respect to
the ultimate design of the QF tool and its use.

Methods
Overview
The cocreation process of this study is based on an action
research approach [28], simultaneously for developing a useful
community resource while also generating shared knowledge
about the process. In our case, action research was implemented
through practical work to support the participatory design of a
digital platform [29,30] under open-source principles [31],
followed by netnographic data collection and analysis to
understand its development and usefulness as a cocreation
process [32]. For this, all authors except ESH were involved as
participants in the cocreation process, in collaboration with the
rest of the participants, during the iterative prototyping of the
QF platform.

Community Cocreation Process
QF began with a discussion on the monthly Open Humans (OH)
community call at the beginning of the COVID-19 pandemic
on March 10, 2020. OH is a platform for empowering
individuals around their personal data, to explore and share
research processes for the purposes of education, health, and
science in general [33]. The community calls involved 83
individuals so far (until September 3, 2020), and the monthly
calls are frequented by a mix of citizen science and personal
science practitioners; usually, around 10 individuals take part
in each call. Following an initial brainstorming, the discussions
and planning stages were continued through the following
community calls and a dedicated communication channel of the
OH community Slack [34]. Furthermore, over the evolution of
the project, other communities such as Quantified Self [35] and
OpenCovid19 Initiative [36] were engaged and involved in
different aspects of the development of the project.
In parallel to 10 additional community calls between March 10
and September 3, 2020, the main coordination tool for the QF
project was a specific Slack channel, with a total of 146
subscribers and 34.2% (50/146) active users over time with
different levels of involvement and activity. During this
timeframe, this openly accessible channel gathered a total of
844 messages from these users, with a total count of 26,691
words (and 3917 unique words).
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Although the planning, coordination, and social aspects of the
cocreation process mainly took place on the mentioned project’s
Slack channel, technical collaboration and software development
occurred through GitHub and the git repository of the QF. Due
to the iterative nature of open-source collaboration, no up-front
requirement analysis was performed. Instead, prototypes were
developed over time according to community discussions by
iteratively adding and testing implementations. On GitHub, 7
contributors created a total of 316 commits since March 12,
2020, leading to the technical prototype outlined later. The
source code for the project is available under an open license
on GitHub [37].

Netnographic Content Analysis
To investigate and analyze the cocreation stages that led to the
QF prototype, we performed a netnographic analysis of its
iterative communication process, similar to previous studies on
cocreation in health-related community settings [38].

Greshake Tzovaras et al
Netnography is an interpretive research method derived from
ethnography, usually applied to social interaction processes in
digital channels and platforms, and focused on digital traces of
public conversations as analyzable data. As a qualitative
technique broadly applied to the study of web-based
communities [32], Netnography allows capturing and reflecting
interactions as an observational, inductive, and unobtrusive
approach while combining it with participatory methods [39].
In particular, we examine how individuals engaged in the QF
Slack channel for the collaborative development of the QF
platform as a case study setting [40].
For this part of data collection, one of the researchers (ESH)
developed a codebook combining key concepts of cocreation
and collaboration in communities of practice (Textbox 1). The
codebook was cross-checked for validity by 2 other authors
(BGT and MB). Following this, it was applied to the QF Slack
channel posthoc without this specific researcher (ESH) having
participated in the previous community discussions.

Textbox 1. Codebook for Quantified Flu Slack communication message content analysis.
Communities of practice-related messages
•

Socialization
•

Support or coordination: parallel messages regarding overall coordination and personal and empathic support interventions

•

Possible collaborations: ideas regarding potential collaborators and connections to other organizations or experts who can support or contribute
to the project

•

Outreach: messages related to the visibility of the project, possible dissemination, or alliances for spreading the process

•

Off topic: nonrelated messages to any of the previous (eg, about personal issues or intention-to-buy wearables)

Cocreation-related messages
•

•

•

Ideas
•

Inspiring or similar initiatives: mentions to other COVID-19-related projects being developed or known externally

•

COVID-19 related: links to news or updates regarding the COVID-19 pandemic and its evolution

•

Mention to tool or wearable: references to a specific wearable for its potential connection to the Quantified Flu project

•

Scientific knowledge or papers: mentions or links to studies or publications and elaborated scientific knowledge

The Quantified Flu concept
•

Goal setting or discussion: concept-related interventions about the objectives of the project

•

Protocol or tool design: mentions to how the protocol and tool should work or specific aspects of its possible design

•

Feature suggestion: interventions suggesting specific characteristics or new possible features of the tool

•

Pattern or data observation: statements regarding the observation of data in relation to the goals or possible functioning of the project

The Quantified Flu prototype
•

Incremental development or updates: messages informing about new implementations and code development of features applied to the
prototype

•

Technical issues: specific technical issues to solve or observations about needed improvements for correct use

•

Help testing: interventions asking or offering support in testing the tool by community members

•

Help developing: interventions asking or offering technical support for the development of the tool

This part of data analysis was used to determine the typology
of messages regarding the cocreation of the QF platform, from
idea to concept to prototype [29], and other types of messages
https://www.jmir.org/2021/9/e28116
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process in communities of practice [41]. Each Slack message
was assigned up to three top tags based on the aforementioned
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codebook categories, depending on its text density and
characteristics. The researcher (ESH) assessments of types and
categories of messages were subsequently reviewed and
discussed by another coauthor (BGT), who was actively
involved in the analyzed cocreation process.

Results
We present the current prototype of the QF platform [42], as a
result of the described technical development, before analyzing
the cocreation process that led to it.

Community-Based Development
The first overview derived from our netnographic analysis of
the four main categories of messages interchanged during the
cocreation of the QF prototypes on its dedicated Slack channel
(March 10 to September 3, 2020) shows a relative balance in
the topics of the web-based messages among the 1171 message
fragments that were annotated (Textbox 2).
Overall, during the development of QF, the Prototyping and
Socialization messages were slightly more common than the
Concept and Ideas ones (Figure 1). On the level of the tags or
subcategories, the most frequent ones are Support or
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coordination (227), Protocol or tool design (109), Technical
issues (107), and Help developing (106).
Focusing on these more specific tags, as defined in the codebook
(Textbox 1), within each category over time (Figure 1), we
observe that all the four main categories, as well as the
individual tags, are present over the whole time frame of
cocreation from early April to September 2020. In particular,
messages regarding Support or coordination are present
throughout the entire time range. Other recurrent message types
during the analyzed time span fall within the categories Ideas,
Concept, and Prototyping, highlighting the iterative design,
implementation, and testing participatory processes that took
place to develop and improve the QF prototype over time.
Importantly, the Protocol or tool design, Mention to tool or
wearable, and Feature suggestions categories, which are
indicative of the cocreation process, appear early on but remain
active in bursts throughout the full observed time span, often
following new releases of the QF prototype. In addition, the
Help developing and Help testing categories remain active over
the whole duration of the prototype development, with the
former showing a more constant activity (mean 1.1 tags per
day, SD 1.9) whereas the latter appears in bursts (mean 0.76
tags per day, SD 2.1) around new feature releases.
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Textbox 2. Examples of messages that were tagged according to the codebook used for the netnographic analysis.
Socialization
•

•

•

•

Support or coordination
•

“Very good community call focused on quantified flu this morning. Glad I participated”

•

“Great updates, thank you and I am definitely staying tuned...how can I help other than visualisations. Have a good rest of the day!”

Possible collaborations
•

“[Person outside the community] is usually sitting in the office right next to mine (working from home these days) and we’ll do a call
tomorrow to chat about synergies!”

•

“It’s possible we could address these with support from the company, which in turn depends on our convincing them to prioritize this support.
We have some close contacts there that could lead to success”

Outreach
•

“We’re (very briefly) featured in the latest UCSD newsletter”

•

“Oh, and we already got some media coverage in the german ‘digital living’ magazine t3n”

Off topic
•

“Not sure if it’s appropriate to ask but does anyone have a way to get discount on the Oura ring?”

•

“BTW, semi-related to this project: Just coinciding with the general lockdown in Paris I stopped smoking and could nicely see my resting
heart rate drop, my heart rate variability grow, etc. within the first few days”

Ideas
•

•

•

•

Inspiring or similar initiatives
•

“Another flu-tracking app, from Duke:...[URL]”

•

“Looks like Michael Snyder’s famous self-tracking lab at Stanford is doing something similar”

COVID-19 related
•

“Placing this link here because it was an interesting symptom diary someone shared on Twitter they made”

•

“Btw. during the community call yesterday, [community member] shared this symptom report of a contributor who thinks he has covid19”

Mention to tool or wearable
•

“How far is the Fitbit Intraday integration? As of right now the Fitbit Graph seems quite a bit less detailed than the Oura one”

•

“The Garmin devices are a bit tricky, as their API is locked off unless you apply for access with them”

Scientific knowledge or papers
•

“August 31 Webinar from hlth.com: Wearable Technology’s Potential to Help Detect Illness”

•

“Stanford’s 2017 paper was all about longitudinal health data and health outcomes”

The Quantified Flu concept
•

•

•

Goal setting or discussion
•

“Personally, I see the purpose of this project not so much as epidemiological, but about expanding the personal value of our data. Doing
that as a group helps us learn from context, as well as individually”

•

“This project might also be a starting point for prospective tracking for people that get sick, going forward. Still thinking about if/how that
would work.”

Protocol or tool design
•

“So i think it may make sense to give numerical values for each symptom, from 1-5 or 1-10 in terms of intensity, and also timestamp them
to allow for multiple logging within a day”

•

“but my vicks smart temp thermometer arrived...the associated app allows me to record...medication, symptoms (cough, sore throat, chills,
body ache, ear ache, nausea, stomach ache, fatigue, short breath, headache, diarrhea, runny nose), a free text ‘notes’”

Feature suggestion
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•

“She wears an Apple Watch and has resting heart rate data. Should I invite her join quantified flu even though she does not have an Oura
or Fitbit? Is adding support for Apple Watch too much work at this stage? Manual entry wouldn’t be very challenging probably”

•

“I’m realizing the public list could at least give event IDs so you have some sort of identifier for each one”

Pattern or data observation
•

“Already contributed two sick events of mine from 2019, that are very obvious in the data but also quite different”

•

“So I don’t think it’s necessarily measurement noise. For my own data my gut feeling is that all variations ≤ ±0.3 °C are probably just daily
fluctuations for a myriad reasons”

The Quantified Flu prototype
•

•

•

•

Incremental development or updates
•

“Some publicly available data now – you can explore on the site, and there’s JSON endpoints to get raw data”

•

“Hey <!channel>, we have another nice visualization update thanks to [community member]! The retrospective events now have the same
display that can be found for the ongoing symptom reports, check out [QF link] for an example!”

Technical issues
•

“Oh, not sure if that’s true though! I think if the oura dies while doing the recording it doesn’t deliver any data (happened to me 3-4 times
with my broken oura where it would not record anything for the night)”

•

“Also, I found a strange inconsistency in the data. For one of the users, the JSON file states that they are sick on July 11th, but the interactive
display on the website does not (the JSON says that the person had a sore throat, but the web display does not). I attach the examples”

Help testing
•

“My daily symptom checkins have stopped, is this happening for anybody else? I thought it might be an email issue on my side”

•

“Does anyone of you have an android watch/wearable that would track heart rate to test whether it works?”

Help developing
•

“Hi everyone! I am a programmer and would be happy to help. I have lots of experience with python”

•

“I thought a cool starting visualization could be a heatmap similar to the github activity view, but with time only on the x-axis and the
different symptoms on the y-axis and colored by symptom severity. If you have other cool ideas for appealing and insightful visualizations
feel free to let us know!”
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Figure 1. Distribution of message types over time; the frequency of tags are given as 7-day rolling averages. Events 1-7 around Quantified Flu
development are given as vertical lines. Bar plots show the total number of tags per category.

QF: Technical Platform Implementation
Overview
As a result of this community-based development process, QF
evolved into a responsive web application that can connect to
a wide variety of devices, implemented in Python or Django
programming language. Users must be registered on OH, having
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the option of linking a range of available wearable devices from
which physiological data (heart rate, body temperature, and
respiratory rate) can be imported into the OH platform; visualize
past sickness or infection events (retrospectively) on it (present
since the first prototype, launched on March 16, 2020); and
engage in daily (prospective) symptom tracking (added in the
second prototype, released on March 24, 2020; Figure 2).
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Figure 2. Data flow and user flow in Quantified Flu. RHR: resting heart rate.

User Accounts, Data Storing, and Anonymization
To enable rapid prototyping, QF is connected to the OH platform
[33] as a back end to manage user permissions and store user
data. OH provides OAuth2-based application programming
interfaces (APIs) to authenticate users while keeping each user
pseudonymous to the QF platform, as no personally identifiable
information is transmitted. Instead, only a random 8-digit user
identifier specific to the QF project is provided. Furthermore,
OH provides APIs to access and store user data in their system
through those identifiers and provides methods for users to
consent to share data from the OH platform with third parties
such as QF.

Wearables
To further bootstrap the creation of the prototype, QF made use
of the existing wearable integrations that OH already offered
(Fitbit daily summaries, Fitbit intraday data resolution, and Oura
Ring). To facilitate usability, QF also integrated these data
import methods directly into the prototype, using OH as the
data store for the wearable data.
Furthermore, following community suggestions and ideation
discussions (Textbox 2; Mention of tool or wearable), QF also
added Google Fit (May 6, 2020), Garmin (June 11, 2020), and
Apple Health (May 14, 2020) as additional supported wearable
devices. Depending on the wearables, users can import and use
their heart rate throughout the day, daily resting heart rate, body
temperature, and respiratory rate in QF (Table 1).

Table 1. Wearables supported by Quantified Flu.

a

Wearable

Development

Resting heart rate

Heart rate throughout day

Fitbit

Existing

✓a

Fitbit Intraday

Existing

✓

Oura Ring

Existing

✓

Google Fit

Extended (added heart rate data)

✓

Apple Health

Added

✓

✓

Garmin

Added

✓

✓

Body temperature

Respiratory rate

✓

✓

✓

The feature is measured by the wearable.

Unlike other wearables integrated into QF, Apple Watch does
not provide a web-based API to access and export data. Thus,
following another community suggestion (Textbox 2; Feature
suggestion), a mobile iOS app was created to provide a link to
QF. This specific app enables users to export their heart rate
data collected by Apple Watch. The source code for this mobile
app is also available under an open license [43].
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Symptom Tracking
Users can report symptoms using a QF website. On the basis
of previous works [24-26] and early community discussion and
feedback (Textbox 2; Protocol or tool design), QF implemented
a list of 12 symptoms that were classified as respiratory,
gastrointestinal, and systemic symptoms (Textbox 3), allowing
users to score those on a 5-point scale (1=light; 5=worst). In
addition, users can report fever measurements and use free-text
J Med Internet Res 2021 | vol. 23 | iss. 9 | e28116 | p.698
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fields for the suspected origin of their symptoms, further
symptoms, or notes to put their symptoms into context (Textbox
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2; Protocol or tool design).

Textbox 3. Symptoms of sickness that users can monitor in Quantified Flu.
Respiratory
•

Cough

•

Cough with mucus or phlegm

•

Reduced sense of smell or anosmia

•

Runny or stuffy nose

•

Sore throat

•

Shortness of breath

Gastrointestinal
•

Diarrhea

•

Nausea or vomiting

Systemic
•

Chills and sweats

•

Fatigue and malaise

•

Headache

•

Muscle pains and body aches

Users can opt in to receive daily symptom report reminders that
are sent through the anonymous OH email system at a
user-selected time, as another tool feature that was discussed
and regularly tested by participants (Textbox 2; Help testing).
Each email contains the following two links: (1) the reporting
no symptoms link, a single-click link that requires no further
interaction of the user, and (2) the reporting symptoms link,
which takes users to the symptom report form.

Data Visualization
Overview
To provide users with easy ways to facilitate understanding of
their own physiological data and potentially explore it in relation
to their own symptom reports, QF used D3.js to create
interactive visualizations. These visualizations present the
evolution of the various physiological data points and put them
into the context of their symptom reports where available.
The QF platform provides personal science practitioners 2 main
ways to explore their physiological wearable data in relation to
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infections—the retrospective analysis of prior events and an
ongoing (prospective) analysis of symptom reporting.
Retrospective Analysis
Users can select a given, historic date on which they fell sick
or had specific symptoms, and QF will, if available, extract
wearable data for the 3 weeks before that date and 2 weeks after
the incident. This allows users to visualize sickness incidents
that occurred before the launch of QF. Depending on the
wearable (Table 1), users are given the option to display
different physiological variables over that 5-week time period
and explore how they change over time. To facilitate the
interpretation of changes and outliers in the graphs, both the
first and second SDs are presented as well (Figure 3). Although
users can add comments to retrospective events, detailed
symptom reports are absent in this mode, as most users do not
have detailed records of the historic sickness events. The
retrospective analyses were part of the first prototype of the QF,
launched on March 16, 2020.
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Figure 3. Screenshots of the Quantified Flu prototype showing typical visualizations generated by users. (A) An example data visualization of an
individual, retrospective sickness incident that happened on December 31, 2018. The data plotted are the resting heart rate recordings as measured by
the Fitbit and Oura Ring. (B) An example of an ongoing symptom report visualization. The top half shows a heat map of the symptoms that were present
along with their strength, and green boxes display user-provided free-text comments. The bottom half shows physiological data from wearables. bpm:
beats per minute.

Ongoing Symptom Reporting
Users can also report currently experienced symptoms through
QF at any moment in time by selecting symptoms and their
experienced strengths from a list (Textbox 3). This self-report
is likely triggered by email, as explained earlier. Following
symptom reports, users are automatically taken for their data
https://www.jmir.org/2021/9/e28116
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visualization (Figure 3). On a wearable device data level, this
visualization provides the same details as that of the
retrospective analyses (Retrospective Analysis section). The
ongoing symptom reports (Figure 3) were launched as a new
feature in the second iteration of the prototype on March 24,
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2020, also following discussion and contributions from the
community (Textbox 2; Incremental development or updates).
In addition, this latter view aligns a heat map of each daily
symptom report to the wearable data timeline, allowing the
identification of patterns within the reported symptoms
themselves and for visual cross-comparisons between the
physiological data and the symptom reports. Furthermore, users
can also access their comments for each symptom report from
this visualization, allowing them to understand the contexts in
which they made those reports.

Community Use
A total of 190 personal science practitioners engaged with QF
between its launch on March 16, 2020, and December 22, 2020.
The initial prototype of QF (in place until March 24, 2020) only
offered the possibility of analyzing retrospective sickness events.
This feature was rarely used: only 24 users tried the feature,
creating a total of 47 retrospective analyses. In total, 34
individual wearables were linked by these 24 users. The
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prospective ongoing symptom report feature was launched on
March 24, 2020. In total, 92 users made use of this feature at
least once, covering a range from a single symptom report being
done up to over 300 reports for some members. Overall, 11,658
symptom reports were filed and 112 wearables were linked to
it, between the launch of the feature and December 22, 2020.
The distribution of user engagement for the entire period (Figure
4), as measured by the number of reports, shows an
approximately linear relationship between the number of reports
done and the user’s rank of activity. The reports with symptoms
are also not equally distributed across all 92 users, with a sizable
fraction of users having no or only a few reports that include
symptoms, whereas for some users, symptom reports comprise
half or nearly all of the reports. Overall, the vast majority
(10,594/11,658, 90.87% reports) were reports that included no
symptoms. Of the 1064 reports with symptoms, 176 (16.54%)
included explanatory notes or comments, in addition to the
standardized symptom reports.

Figure 4. The use of Quantified Flu as measured by ongoing symptom reports filed by users. (A) Users were ranked by the number of symptom reports
they have filed; data were broken down into whether symptoms were reported (blue) or not reported (red). (B) The number of symptom reports filed
per day. Values were averaged into a weekly rolling average. The blue line represents the local regression–smoothed data along with SE (gray background).

Looking at the number of symptom reports filed per day, we
can observe a rapid rise in daily reports at the beginning of April
2020, reflecting the launch of the first prototype with the
https://www.jmir.org/2021/9/e28116
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ongoing symptom reports. The second rise in daily reports
started in July 2020, leading to the numbers starting to stabilize
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at around 45 symptom reports filed per day (by an average 45
users per day, SD 5; Figure 4).

Discussion
Principal Findings
In this paper, we present QF, a cocreated web-based project that
enables personal science practitioners to engage with their own
wearable data and visualize it in the context of when they are
experiencing symptoms of potential infection. The spark that
led to this community deciding to cocreate a symptom tracking
tool was the beginning of the global COVID-19 pandemic, along
with population-wide studies that made individuals wonder how
useful their own wearable data might be for them in such a
pandemic context. With its focus on individual learning, QF
stands in contrast to various population-level studies performed
to evaluate the usefulness of wearable technology for the
prediction of illness [20,24-27]. At this individual scale,
symptom tracking and health data more generally can offer
support for individual sense-making on health experiences and
conditions [44], which can be idiosyncratic and complex [45].
QF was also distinguished by a cocreation approach that targeted
the individual learning and research interests of a web-based
community and involved the iterative development of a digital
tool in response to feedback, resulting in a format that attracted
increased and sustained participation from early users.
One of the main aims of our work is to investigate the
consequences of a cocreation approach that focuses on personal
science: We observe that the initial QF prototype, which focused
solely on retrospective symptom tracking, was rarely used. Only
24 users were engaged in this prototype. However, importantly,
this initial version facilitated additional discussions about
designing both the data collection protocol and extending the
prototype (Figure 1), leading to the creation of the ongoing
symptom reports as a feature launched in the next QF iteration.
This feature received much more attention from the participants,
with a total of 92 people using QF for their own regular
symptom tracking, delivering some first insight into the
importance and potential benefits of early engaging potential
users in a health research design cocreation approach.
Furthermore, we observe that the level of engagement across
these 92 QF users seems to drop linearly when ordered from
most to least engaged users (Figure 4). This distribution is
atypical for user engagement in web-based communities, where
one typically observes power-law distributions for engagement
[46]. Related to this, digital or mobile health apps in particular
typically struggle with achieving continued use, as a large
fraction of users drop out after a few interactions [47,48]. In
previous studies, only 2% of initial users showed sustained use
in the most extreme cases, with observational studies having
an average dropout rate of 49% [49]. In contrast, around half
of the QF users who engaged with ongoing symptom tracking
did so on a regular basis, leading to 45 (SD 5) symptom reports
per day on average (Figure 4), and over 50 users reported more
than 3 months of symptom reports, highlighting continued
longitudinal use. We argue that these uncharacteristically high
numbers of user engagement, which is sustained over time, is
a result of the community cocreation process that led to the final
https://www.jmir.org/2021/9/e28116
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prototype of QF. Previous studies have found that users are
more likely to continue using mobile health apps if there is a
good fit between users and applications [50], which means that
a cocreation process among future users could be a key way of
achieving this fit.
For some users, this continued engagement might also be an
indication that they experience regular or recurring symptoms,
making them particularly interested in learning empirically
about them through this specific kind of self-tracking. This is
supported by the number of reports that include symptoms,
where a subset of users reported having symptoms frequently,
with some users reporting symptoms in 40%, or extreme cases
even 90%, of the time (Figure 4). Further evidence for this
comes from the notes or annotations that users can submit to
the QF website along with their symptoms when filing their
daily reports. Looking at the publicly shared notes in these
reports, we find examples like “the cough is smokers
cough...because I’ve been smoking more since being out of
work” and “I was deep cleaning the house...all the dust got my
allergies going again” highlighting possible reasons for recurring
symptoms. Furthermore, these annotations help to provide
context to individuals and others that aim to reuse publicly
shared data. Although a severe case of coughing or nasal
congestion might hint at acute infection, they might also be
unrelated, as the annotations highlight. These contextual
descriptions can be difficult to formalize, potentially explaining
why symptom-based diagnoses are difficult to achieve in many
cases [51,52].
Our second main goal, in parallel to the development of the QF
prototype itself, is to explore how a community-driven initiative
can contribute to collectively creating the tools needed to build
self-knowledge by conducting a netnographic analysis of the
main QF communication channel. Reflecting on the use of this
qualitative and interpretative methodology for the study of
web-based communities [53], we find that it adapts well to
user-led prototypes, with some particular strengths and
limitations. In the case of QF, we found that the netnographic
approach was well suited to allow a posthoc study of the
participatory design process after the prototype creation. This
approach could be valuable in obtaining a better understanding
of cocreation dynamics in similar health-related projects and
studies [54], as it can be applied to existing text corpora of
community interactions on digital text tools such as Slack,
mailing lists, or forums. Its reliance on text communication is
also one of the main limitations, as synchronous
meetings—remote and physical—are less accessible as archival
data, requiring recordings and transcriptions. Given this, it might
be advisable to organize cocreation processes with Netnography
techniques in mind to ensure adequately sized text corpora.
Applying such a netnographic approach to QF, we found a
marked overlap of the various phases of ideation,
conceptualization, and prototyping over time. Although a greater
number of interactions can be found in the initial phases, there
is a sustained regularity later on, particularly in areas such as
feature suggestions or the design of the tool and protocol. In
this sense, messages and interactions related to helping with
development throughout the whole process reflect a typology
of continuous and iterative cocreation, which is typical of
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collaboration processes in the development of open-source tools
[55].
This iterative cocreation process is also highlighted in the
burst-like appearance of feature suggestions and protocol or
tool design discussions, which frequently appear following the
release of new features, suggesting that new releases spark
further protocol refinements and feature ideas, which in turn
lead to the QF prototype refinement. Importantly, this means
that the protocol itself, along with the concrete implementation,
remains in a stage of flux over a longer period of time, compared
with more traditional research design approaches. As a result,
this type of collaborative approach is at odds with standard
ethical oversight procedures for human subject research that
require a precise predefinition of the protocol and the role of
the individuals, whereas the main feature of cocreation is that
it is emergent and adaptive, making detailed prespecifications
impossible [56]. To fully take the advantage of the benefits of
cocreation in the participant-led research, it might be necessary
to develop different models of ethical oversight that recognize
the autonomy of participants [57,58], to not discourage or stifle
valuable forms of participant-led research [2].
Finally, it is also important to highlight how the other types of
messages associated with communication in a community of
practice context, which favor both web-based empathy and
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effective coordination, were produced in a prominent, constant,
and sustained manner from the beginning of the cocreation
process (Support or coordination; Figure 1). This mode of
cocreation can be understood as an example of uninvited citizen
science that relies on a shared set of values, self-stabilizing
communication infrastructure, and a loosely defined coproduced
knowledge object [59] (eg, the QF prototype itself). This way,
the development of the data collection platform itself is framed
in a dynamic, bottom-up, and adaptive way, similar to other
open source and peer production experiences.

Conclusions
Although QF is a project that is still at the prototype stage and
with a correspondingly small user base, the cocreation processes
of the platform prototype described here represent an example
of how the codevelopment of digital research objects, within
the relatively new participatory paradigm of extreme citizen
science [60], can be implemented following bottom-up, dialogic
approaches and a high level of participant engagement. This
aligns with the still scarce literature on what has been called
do-it-yourself science or peer-to-peer science [61,62], in which
similar participatory approaches can offer an opportunity for
early and sustained engagement from personal science
practitioners in the collaborative definition of concepts, features,
and protocols for health-related digital platforms.
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Abstract
Background: Telemedicine has been increasingly used in many health care fields, including home care, where patients receive
medical care at home. Owing to the current COVID-19 crisis, the value of telemedicine via videoconferencing is more recognized,
particularly in allowing immobile patients to continue receiving care. However, the efficacy of telemedicine in home care settings
in Japan remains to be fully appraised.
Objective: This study aims to identify the use and impact of telemedicine in a singular home care delivery setting in Japan.
Methods: A retrospective observational study was conducted using patient and other administrative records from a home care
clinic. We considered patients who were involved in videoconferencing with home care physicians and telepresenters serving
patients during 2018 and 2019. We extracted sociodemographic data of the patients and details of the videoconferencing and
descriptively illustrated some specific cases.
Results: In a home care clinic in Japan, videoconferencing was conducted in 17 cases (involving 14 patients) over a 2-year
period. Of all the cases, 12% (2/17) required emergency transfers and were hospitalized. A total of 88% (15/17) of cases remained;
71% (12/17) of cases were found to need extra medication or to go to a medical facility for consultation, whereas 18% (3/17) of
cases were found not to be in need of urgent attention and were asked to rest. Problematic symptoms subsequently improved in
82% (14/17) of cases, and only 6% (1/17) of cases were later hospitalized.
Conclusions: Telemedicine was deemed effective for assessing patients’ conditions in the home care setting in situations where
home visits by a physician cannot be carried out. Our findings indicate that consultations via videoconferencing are safe and
effective, suggesting more active use of videoconferencing in other clinical contexts.
(J Med Internet Res 2021;23(9):e23539) doi:10.2196/23539
KEYWORDS
telehome care; videoconference; home care; caregiver; telepresenter; mobile phone
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Introduction
Background
Telemedicine, the use of information and communication
technology to deliver health care at a distance, has been
increasingly used to deliver health care covering a wide range
of specialties, for numerous conditions, and through a variety
of channels and systems [1]. An ever-increasing body of
evidence suggests that care delivered via telemedicine is safe
and can be as, if not more, effective and economical as
face-to-face care [1]. However, one review article pointed out
that the effectiveness of telemedicine could depend on
conditions and specialties, and evidence on its cost-effectiveness
was limited [2]. In addition, it has been suggested that
applications of telemedicine in home care should be cautiously
conducted, holistically weighing various individual
characteristics and external factors surrounding patients [3].
Moreover, significant barriers to wider use have been identified:
health care providers and patients face regulatory ambiguities
and financing uncertainties. Inequalities in both health and
digital literacy are another concern, as patients who could benefit
the most are often those who are the least able to have access
to or make use of telemedicine [4]. Telemedicine has evolved
to help improve effectiveness, efficiency, and equity in health
care. However, it can also create risks, amplify existing
inequalities, and worsen health care delivery.
Japan has been actively promoting telemedicine as a means to
help meet the evolving health care needs of the population. Key
areas of focus have been (1) access to health care for rural and
remote communities, (2) home telemedicine, and (3) illness
prevention and lifestyle modification. Evidence on the safety
and efficacy of telemedicine in various situations has been
presented at conferences [5]. The Japanese government has been
encouraging telemedicine, especially as part of a strategy
focusing on an effective home-based primary care approach, in
an attempt to move away from the nation’s famed lengthy
hospitalization practice [6]. In 2015, Japan’s Ministry of Health,
Labor and Welfare (MHLW) permitted the use of telemedicine
in areas other than rural and remote areas [7] and, in 2018,
allowed medical treatment fees for remote examinations to be
partially covered under the national health insurance scheme.
However, provider-to-patient telemedicine services are only
permitted after an initial face-to-face meeting has taken place
between the physician and the patient [8]. It is the sole
responsibility of the physician to decide whether remote health
care is safe and appropriate.

Objectives
Only a few telemedicine studies in Japan have been published,
mostly in the Japanese language, limiting the global reach of
the findings [9]. An in-depth appraisal of the efficacy of
telemedicine is particularly important in home care settings, as
there are many factors that could prohibit physicians from
physically visiting patients’ homes immediately, beyond planned
visits and in emergency situations. Telemedicine via
videoconferencing is a possible means to help overcome this
problem. However, its effectiveness and safety in assessing
patients’ conditions, including identifying potential acute
https://www.jmir.org/2021/9/e23539
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illnesses and potential health emergencies, has not been
evaluated in the home care setting in depth. Accordingly, the
main goal of this study is to demonstrate some cases using
videoconferencing and discuss its efficacy and safety and to
identify some key elements in the home care setting in Japan.

Methods
Overview of Japanese Health Insurance System, Home
Care, and Remote Examination
Home care in Japan is provided and paid for within the Japanese
health insurance system. The Japanese government has promoted
home care as a part of the Integrated Community Care System,
which requires cooperation between home care providers [10]
to reduce medical costs and overcome constraints, such as the
number of physicians in Japan (2.5 per 1000 inhabitants), which
is the lowest among the Organization for Economic Cooperation
and Development countries [11].

Integrated Community Care System
The Integrated Community Care System, which is designed to
provide medicine, nursing, and life support in an integrated
format, has been developed to enable some patients, particularly
older adults, to continue living at home in the manner to which
they have become accustomed [10]. Home care is indicated
only when the physician determines that it is applicable. There
are no clear criteria, but patients who are at least unable to walk
to the clinic on their own without the help of family members
or caregivers is a requirement, and there are no age restrictions.
Therefore, the patients involved in this research were those
living in specialized housing facilities for older adults where a
formal caregiver was available and those who were regularly
visited by their physician, living in their own residences with
the assistance of informal family caregivers.

Cooperation Between Home Care Physicians and
Nurses and Pharmacists
In Japanese home care, patients receive nursing services from
institutional nurses or visiting nurses under the medical
insurance system or the long-term care insurance system. Some
specialized caregiving facilities use full-time institutional nurses.
Visiting nurses belong to clinics, hospitals, or nurse stations
and provide physical and mental health services, including
medical care and basic life support services. However, any
physical intervention, such as management of intravenous
injections or blood sampling, can only be administered under
the supervision of the patient’s physician. The clinic provides
a visiting nurse service; however, it is up to patients whether
they make use of the service.
In addition, pharmacies are counted as facilities that provide
medical services in the Integrated Community Care System.
Some pharmacies or clinics dispatch community pharmacists
and provide indications for drug management to home care
patients [11].

Remote Examination in the Japanese Home Care
Setting
The MHLW has created strict definitions for what constitutes
a remote examination, in which physicians deal with patients
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via a digital audiovisual link, such as via a videophone or the
internet. Remote examinations were conducted in the same
manner as face-to-face examinations. Until recently, the first
examination must have been face-to-face; however, because of
COVID-19, remote examination can now be used as the first
examination session under certain conditions. As of April 2020,
all physicians who intend to use videoconferencing are required
to undertake training regulated by the MHLW.
Doctor to patient with nurse has been introduced as a common
form of implementing remote examinations, in which a
physician can see patients receiving home care via a digital
audiovisual connection but only with a visiting nurse attending
the patient. In this situation, visiting nurses are supposed to
provide medical assistance within the range expected in the
treatment plan and visiting nursing instruction. In this study,
all remote examinations were conducted as a substitute for
unplanned physician visits. Although doctor to patient without
nurse is also permitted as a form of remote examination, most
of the informal caregivers or patients involved in this study
requested the presence of nurses.
In Japan, physicians are primarily responsible for any
intervention, either directly or in an oversight capacity,
conducted as part of any remote examination or intervention.
If a physician determines that they are unable to perform an
adequate remote examination, the physician must immediately
discontinue the remote examination and arrange a face-to-face
examination. Physicians are also required to take adequate
security measures to ensure that patients’ medical information
is not compromised.

Setting and Participants
The Orange Home Care Clinic specializes in providing medical
care to patients based on their own homes or residences in Fukui
City, Japan. This clinic has five working teams, consisting of
1 physician and 1 clerk per team, treating an average of 330
patients annually. Several nurses have been employed to support
the smooth operation of the clinic, such as coordination with
other visiting nurse stations. Therefore, regular nursing care is
provided by other visiting nurse stations. Each team visits 8-10
patients a day on weekdays. The visiting area covers a radius
of 16 km from the clinic. Owing to various unforeseen
circumstances (eg, natural disasters), the clinic used
videoconferencing in 17 instances from January 2018 to
December 2019.

Data Collection
Basic information on patients, such as age, sex, primary diseases,
and availability of caregivers, was collected from medical
records at the clinic. Data on cases where videoconferencing
was used, such as the reason for the consultation, the
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telepresenter, any intervention, and the outcome, were collected
from medical records and other documentation.
The availability of a caregiver was categorized as (1) formal
caregiver (a patient living in a specialized housing facility where
an official caregiver is present), (2) informal caregiver (patient
living with a family member), and (3) no caregiver (a patient
living alone). We used this classification because the feasibility
of videoconferencing is supposed to depend on the living
environment and the demographics in Japan have been changing
rapidly, and the number of single-person households, especially
among older adults, has been increasing significantly [12].
In this study, videoconferencing was performed when a
caregiver or a visiting nurse decided that it was necessary to
consult with a physician when visiting the patient.
Videoconferencing was performed as an alternative to an
emergency home visit because the physician could not visit
immediately. The reason for videoconferencing consultation
involved the chief complaint when a consultation was requested
by the patient or caregiver. The telepresenter was the person
with the patient who orchestrated the remote videoconferencing
connection with the physician. Telepresenters need to have
adequate knowledge and skill with respect to information
technology devices and a proper understanding of the patient’s
status. They can be informal caregivers, formal caregivers, and
visiting nurses; however, we defined the telepresenter as no one
when the patients facilitated videoconferencing by themselves.
The intervention referred to any medical procedure, which was
determined to be necessary during videoconferencing and before
the next planned visit could be undertaken. Although the options
of interventions depend on the presence of nurses with patients,
interventions such as applying drugs to patients are applicable
even if patients contact the physician by themselves. The
outcome was categorized as (1) symptom improvement when
the patients did not need additional treatment by physicians
other than intervention decided through videoconferencing, (2)
patients required another unplanned visit by a home care
physician before the next planned visit, or (3) patients required
hospitalization (when the patient was hospitalized after
videoconferencing).

Ethical Review
This study adheres to the Ethical Guidelines for Medical and
Health Research Involving Human Subjects and meets Japan’s
local legal requirements. Study approval was granted by the
Ethics Committee of the Medical Governance Research Institute
on June 4, 2020 (MG2018-18-20200604).

Results
Participant Statistics
Table 1 shows a summary of all the cases included in this study.
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Table 1. Sociodemographic details of the patients and videoconference information.
ID

Age

Sex

Primary disease

(years)
1-1

97

Female

Stomach cancer

Availability

Reasons for remote Telepresenter

of caregiver

consultation

Formal

Fall

Visiting nurse

caregiver
1-2

97

Female

Stomach cancer

Formal

Phlegm

Visiting nurse

caregiver
2

92

Female

Dementia

Formal

93

Male

Dementia

Informal

Intervention

Suspect of

Prescription of Symptom

bone fracture

pain reliever

Bacterial

Prescription of Symptom

infection

antibiotics

5

6

7

8

9

70

66

35

33

16

11

Female

Female

Male

Male

Male

Male

Last stage of

Informal

stomach cancer

caregiver

11-1

11-2

12

7

4

4

3

Male

Female

Female

Female

Scratch

Visiting nurse

Eczema

Applying

Symptom

ointment

improvement

Headache

Visiting nurse

Muscle contraction
headache

Treatment in
acupuncture
clinic

Symptom

Last stage of lung Informal

Uncomfortable

cancer

caregiver

feeling

Cerebral

Informal

Suspect of drug

contusion

caregiver

eruption

Visiting nurse

Dehydration

Infusion

Symptom

13-2

2

2

Male

Male

Visiting nurse

Drug eruption Stopping
antibiotics

72

Female

improvement

Suspect of low-

Informal

Low-tempera- Applying

Symptom

palsy

caregiver

temperature burn

caregiver

ture burn

improvement

Neurofibromato-

Informal

Fever

Visiting nurse

sis type 1

caregiver

Acute bronchi- Prescription of Symptom
tis
antibiotics
improvement

West syndrome

Informal

Epileptic seizures

Institutional

Epileptic

Watch and

Symptom

nurse

seizures

wait

improvement

Hordeolum

Prescription of Symptom

Cerebral palsy

Informal

Swelling of the

Institutional

caregiver

eyelid

nurse

Double outlet

Informal

right ventricle

caregiver

block

Double outlet

Informal

Vomiting and

right ventricle

caregiver

diarrhea

Lissencephaly

Informal

Tachycardia

Suspect of CV

Cerebral palsy

a

Visiting nurse

Visiting nurse

Visiting nurse

Cerebral palsy

Informal

Increase of phlegm Informal

caregiver
Informal

Fever

Rheumatoid

No caregiver Eczema

arthritis
a

Symptom

Acquired cerebral Informal

CV block

Dehydration

None

ointment

eye-drops

improvement

Emergency

Hospitaliza-

transfer

tion

Emergency

Hospitaliza-

transfer

tion

Watch and

Symptom

wait

improvement
Symptom

caregiver

Upper respira- Watch and
tory inflamma- wait
tion

Visiting nurse

Middle ear in- Continuing

Hospitaliza-

flammation

antibiotics

tion

Miliaria

Prescription

Symptom

of ointment

improvement

caregiver
14

improvement

improvement

caregiver
13-1

improvement

Gastroenteritis Prescription of Symptom
antiemetic
improvement
drug

caregiver
10

improvement

Visiting nurse

caregiver
4

Outcome

Vomiting

caregiver
3

Diagnosis

Visiting nurse

improvement

CV: cardiovascular.

Remote videoconferencing was conducted in 17 instances
involving 14 patients (3 patients were involved in
videoconferencing twice). Of the 14 patients, 5 (36%) were
children and 5 (36%) were older adults (aged >65 years).
Approximately 43% (6/14) of patients were male. According
to the International Classification of Diseases 11th
categorization, the most common primary disease was that of
the nervous system (5/14, 36%), followed by neoplasms (3/14,
21%) and mental, behavioral, or neurodevelopmental disorders
(2/14, 14%). About 79% (11/14) of patients lived with family
https://www.jmir.org/2021/9/e23539
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members, 14% (2/14) lived in assisted-living facilities, and 7%
(1/14) lived alone.
The reasons for videoconferencing consultation and diagnoses
are shown in Table 1. In 77% (13/17) of instances, visiting
nurses coordinated the videoconferencing, whereas, in 12%
(2/17) of instances, institutional nurses performed that task. In
12% (2/17) of instances, an informal caregiver handled the
videoconferencing.
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As for subsequent interventions, a new prescription for medicine
followed in 35% (6/17) of videoconferences; the physician faxed
the prescription to the community pharmacist, and the
community pharmacist delivered the new medicine to the
patients’ residences. In 18% (3/17) of instances, watch and wait
until the next planned visit instructions and the guidance on the
application of medicine were given. In 12% (2/17) of instances,
the physician instructed patients to take the medicine in hand.
In contrast, in 12% (2/17) of instances, emergency transfer to
hospital was advised; the physician arranged the emergency
transfers and passed the patient information to the attending
physicians in the hospital who provided emergency treatment.
With regard to outcomes, 82% (14/17) of cases with the use of
videoconferencing resulted in improvement of the problematic
symptoms before the next planned visit was conducted within
the following 2 weeks, and the remaining 18% (3/17) of cases
resulted in hospitalization. One hospitalization was because of
pneumonia from an upper respiratory infection that occurred
independently after the videoconferencing had taken place.
In ID 1-2, although a formal caregiver was available, albeit a
part-time worker, the clinic was called, and the physician asked
a visiting nurse to visit the patient’s residence as the physician
was not able to visit the residence immediately. The visiting
nurse subsequently organized and conducted the
videoconferencing. In IDs 6 and 8, an informal caregiver was
available, and he or she summoned a visiting nurse who
organized and conducted the videoconferencing. In ID 7, an
informal caregiver was available and organized and conducted
the videoconferencing.

Indicative Videoconferencing Examples
ID Number 1-2
The patient was a 97-year-old female with early-stage gastric
cancer and chronic heart failure. She lived in a long-term facility
with no full-time nurses in attendance but with part-time nurses,
with nonmedical informal caregiver helpers providing various
care services to the residents. The patient was able to walk using
a walker and take a bath with the support of helpers. As she was
unable to visit the clinic by herself because of lower-extremity
muscle weakness and as her gastric cancer was relatively stable,
her medical home care started in February 2015, and the team
visited her twice monthly. She wished to spend the rest of her
life in the facility. One night in October 2018, the facility's
part-time nurse contacted us as the patient had an approximate
2-week history of excess phlegm and breathlessness. The last
regular visit by a home care physician was 12 days previously
when she had a hoarse voice and was taking regular herbal
medicine, as she presumed that she had caught a cold. She was
able to eat and did not feel seriously ill; therefore, a home care
physician decided to follow up and told her to contact the clinic
if her condition worsened. Her body temperature was 37.3 °C,
blood pressure was 155/92 mm Hg, pulse rate was 80 bpm,
saturation of percutaneous oxygen was 94%, and the state of
consciousness was clear. Although a home care physician
attempted to visit the facility, the physician was not able to do
so immediately. Therefore, the physician ordered a visiting
nurse from the clinic to visit the patient’s facility and instead
carried out a videoconferencing. The nurse told the physician
https://www.jmir.org/2021/9/e23539
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that there were no obvious lung noises, which suggested that
pneumonia was not present, and her body movement, such as
standing and sitting, was smooth. The physician carefully
observed the patient's complexion and respiratory status through
videoconferencing and reconciled the findings with those
reported by the nurse. As a result of the videoconferencing
examination, the physician ordered the nurse to take a blood
test to judge whether there was an acute bacterial respiratory
infection and deterioration of chronic heart failure. The nurse
returned the blood sample to the clinic and submitted it for
testing. The blood test indicated that the white blood cell (WBC)
count was 5180 per μL and C-reactive protein (CRP) was 0.12
mg/dL, and the physician diagnosed an acute viral respiratory
infection based on the results of the blood test. The physician
prescribed a traditional Chinese medicine to reduce her
symptoms and then faxed the prescription to a specific
pharmacy. The community pharmacist delivered the drug to the
patient’s assisted-living facility and started the treatment with
the traditional Chinese medicine (syoseiryuutou 9 g 3 times a
day for 5 days). Two days later, the physician confirmed an
increase in N-terminal probrain natriuretic peptide from the
blood test taken by the visiting nurse, and the deterioration of
chronic heart failure was diagnosed, and the treatment with a
diuretic drug (furosemide 20 mg once per day for 7 days) was
started. The community pharmacist contacted the patient,
delivered the drug to the facility, and administered the first dose.
In this case, the nurse being physically present with the patient
during the remote examination allowed blood tests to be
completed, which allowed the diagnosis of an acute viral
respiratory infection and deterioration of the patient’s cardiac
problem, thereby allowing early and customized treatment.

ID Number 8
The patient was a 16-year-old male with neurofibromatosis type
1. He had a gastrostomy to be fed and underwent noninvasive
positive pressure ventilation every night. He spent most of the
daytime using a wheelchair and lived in his house with the
support of his parents. His twice-monthly home care started in
February 2011 to help reduce the burden on his family, who
previously had to frequently visit emergency medical
departments because of his regular fevers. One morning in
September 2018, the patient’s family reported by telephone that
the patient had a fever of 37.8 °C with excess phlegm; however,
his respiratory condition was not troublesome. As the condition
was not serious but needed careful monitoring, the physician
told the family to observe with an antipyretic drug and water
intake. In addition, the physician ordered a visiting nurse to
visit the patient’s residence to check the patient’s condition, as
he had acute viral bronchitis with bacterial secondary infection
and was treated with an antibiotic 1 month before this
consultation. When the visiting nurse visited the patient’s
residence that afternoon, his temperature was 37.8 °C, although
an antipyretic drug had been administered by his informal
caregivers approximately 3 hours previously, and thus, the nurse
decided to conduct a videoconferencing. The patient’s condition
was similar to that of acute bronchitis that he had experienced
1 month before, which had been resolved following a visit by
the team 2 weeks earlier. Therefore, the physician diagnosed
acute viral bronchitis with bacterial secondary infection based
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on the clinical symptoms and the patient’s past history and
prescribed a course of antibiotics—sultamicillin tosylate
dihydrate 9 g after every meal for 7 days. The prescription was
faxed to a specialized pharmacy, and the patient’s mother went
to the pharmacy to get the medication and administered it as
per instructions. In the meantime, the visiting nurse kept an eye
on the patient. The physician performed an emergency home
visit 2 days later because the patient’s mother called the clinic
as the fever continued. At that visit, as the physician suspected
pneumonia, the physician performed a sputum test and a blood
test to decide whether his antibiotic drug had to be changed.
The results of the laboratory test showed a WBC count of 9410
per μL and CRP of 3.14 mg/dL. The physician judged that his
infection was getting past the acute stage as the CRP level was
mildly elevated; however, the WBC and other data were within
normal limits. The physician decided not to change the antibiotic
and finish the 7-day treatment because adolescents with special
care needs are prone to viral infections and secondary bacterial
infections, and the infections are often severe. The patient’s
condition improved 1 week later, and a new bacterial culture
of sputum did not reveal any infection. In this case, remote
medical examination was useful to diagnose possible acute viral
bronchitis with bacterial secondary infection based on the
patient’s past history, and action could be taken to respond to
the new infection.

ID Number 6
The patient was a 35-year-old bedridden male patient who had
a postoperative left acute subdural hematoma caused by a traffic
accident. He had undergone a number of medical procedures,
including a tracheostomy, 2 gastrointestinal stomata, a
gastronomy, and insertion of a ventral venous catheter. The two
gastrointestinal stomata were used to drain intestinal fluids
because he developed nonocclusive mesenteric ischemia and
had most of his intestinal tract removed in 2017. For that reason,
he underwent a gastrostomy and used a central venous catheter
to obtain nutrition. His parents provided his daily care, and
home-visiting nurses made two regular visits and provided
regular medical attention daily. The clinic also provided weekly
medical home care from March 2018. In April 2018, the visiting
nurse telephoned the clinic to report that the patient had had
fever for a few days, and the physician told the nurse to take
blood for testing. From the results—increased WBC (10,210
per μL with a left shift) and CRP (5.65 mg/dL)—the patient
was assessed to have an acute bacterial infection. The clinic
staff brought sulbactam sodium and ampicillin sodium from the
clinic’s stocks to the patient’s residence, and the physician told
the nurse to administer it during regular morning and evening
visits because there was no allergic information about the patient
from the referral hospital. A few minutes after the intravenous
injection of the antibiotic, eczema appeared on the patient’s
chest, indicating an allergic reaction. Therefore, a remote visual
medical examination was conducted to check the patient’s
condition. No other abnormal findings were observed, such as
respiratory distress or decrease in saturation of percutaneous
oxygen, and the eczema disappeared 30 minutes after the
intravenous injection. The suspected allergic reaction reminded
the patient’s father of the patient’s previous history of suspected
allergic reactions, and he reported that the same reaction was
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observed when the patient was hospitalized and that most of
the antibiotics gave the patient redness. As the referral from the
hospital stated that the patient had no allergies, the home care
physician contacted the hospital; however, there was no
information about redness in the hospital records. Thus, they
discontinued sulbactam sodium and ampicillin sodium because
these drugs were suspected as allergens and instead initiated
ceftriaxone sodium hydrate. As such, the remote medical
examination was useful for diagnosing possible allergic reactions
and helped to change the antibiotics being administered.

ID Number 7
A 33-year-old male patient was bedridden because of cerebral
palsy and had undergone a gastrostomy. The twice-monthly
home care service started in December 2014 because the
patient’s family had to regularly take him to a hospital because
he was regularly developing a fever. In December 2018, the
family called the clinic to report that there was redness in the
joints of his left hand, which seemed to be a low-temperature
burn. The physician made a remote visual examination using
the family’s mobile phone to ascertain whether a home visit
was required to deal with the situation. In discussion with the
family, the physician confirmed that the red lesion appeared
after using a hot-water bottle to keep the body warm. His left
hand had been in prolonged contact with the hot-water bottle;
however, there was no pain, only redness. Therefore, the
physician decided to treat the scald using steroid ointment,
which was originally prescribed to be applied to the granulation
around the gastrostomy and so was available at the patient’s
home, and told the family to contact the clinic if there was any
worsening of the patient’s condition. After 2 weeks, the scald
healed at the time of the next regular visit. Remote medical
treatment was useful to diagnose a low-temperature burn and
start treatment immediately without the need for a visiting nurse.

Discussion
Principal Findings
Treatments following videoconferencing in the clinic were
generally safe and effective. As shown in Table 1, for 77%
(13/17) of cases, the problematic symptom causing the need for
a videoconferencing improved without emergency transfer or
treatment in a medical facility. No intervention by medical
professionals was required in 29% (5/17) of instances. The use
of videoconferencing was deemed effective for physicians to
reduce unnecessary visits, whereas in some cases, more nurse
visits were required.
One key element for the successful use of videoconferencing
was collaboration between medical staff in the prevailing
situation. In Japan, specialized home medical care is overseen
by physicians in specialized home care clinics. Other medical
staff, such as visiting nurses, community pharmacists, and
rehabilitation staff, work in a system whereby the corps of local
visiting medical specialists provide more regular home care. A
shared notebook stored in the patient’s residence is used to
update all clinical information for use by medical professionals
involved in the provision of care to coordinate their work and
actions. In addition, when medical staff detect any significant
adverse signs in the patient’s physical condition while visiting
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residences, they arrange a teleconference with other medical
staff, including physicians, immediately. The videoconferencing
enabled visiting nurses to implement prompt blood tests
necessary for diagnosis and treatment and subsequently facilitate
a physician’s judgment in any necessity for intervention to deal
with the patients’ condition. In fact, Funderskov et al [13]
showed that the use of video consultation allows
community-based nurses to discuss their observations, enabling
them to take part in active home care, including palliative care.
A comparison of our findings with those in other countries is
difficult because of the Japanese health context, where
physicians predominantly have governing control in patients’
care. However, in home care and remote examination, physicians
have to rely on the judgments and actions of other medical staff
to implement timely and appropriate medical interventions.
Videoconferencing allows the analysis of outward appearance
of signs and symptoms. Interviews with patients and clinicians
in previous studies showed that video consulting was better than
telephone consulting, especially in consultations involving
psychological assessment where visual cues are important, as
illustrated by the cases of IDs 1-2 in this study [14]. With regard
to the feasibility and accuracy of diagnosing through
videoconferencing, according to a review by Trettel et al [15],
most of the articles on teledermatology reported that
telemedicine was feasible, reliable, and effective under various
conditions. Furthermore, the review noted that in 90.3% of the
cases, clinicians rated that the experience of conducting a
telehealth session was equivalent to or better than a home visit
and that the communication environment (eg, internet reception)
was the important factor in telehealth sessions [16]. Japan has
a reliable digital communication system: in our cases, all the
videoconferencing with the patient’s homes was done using 4G
connections, and the communication channel was never
interrupted or lost.
However, there are several critical points that need to be
considered with respect to incorporating telemedicine in the
home care setting. First, the telepresenter, the person who
organizes the videoconferencing in the patient’s location, is
critical. It is ideal that the main caregivers, including informal
caregivers, are able to orchestrate videoconferencing, although
this might be a heavy burden for informal caregivers. Clinically,
telepresenters are chosen considering their availability, ability,
and digital literacy. Future research is expected to clarify
whether informal caregivers can play the role of telepresenters
appropriately and what kind of support or intervention is
required to overcome this problem. Furthermore, in addition to
medical literacy, the availability of suitable equipment,
technological literacy of patients, their caregivers, attendant
nursing staff, and attending physicians, as well as costs, have
to be taken into account. A study of telemedicine between nurses
and patients at home in Norway highlighted the importance of
the levels of training and experience with respect to
videoconferencing [17]. In particular, older people are not
accustomed to using digital devices, and many do not even own
or have access to computers or sophisticated mobile phones.
According to Japan’s Ministry of Internal Affairs and
Communications, the proportion of internet users in the country
is approximately 20% in those aged >80 years, whereas it is
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>90% in people aged 20-40 years [18]. It might be helpful to
instruct all home care caregivers or nurses on how to use
communication devices in telemedicine. A previous study
recommended supporting digital literacy and confidence of
older people to strengthen their intention to use technology [19].
Considering the increase in the number of older patients who
live alone in Japan, developing digital skills among older adults
is also beneficial to create more space in the limited caregiving
facilities. Therefore, policies may have to be put in place to
accommodate the provision of medical home care to older
patients who live alone.
Second, the cost of communication devices should be
considered. Some patients do not have any equipment enabling
videoconferencing, which poses significant constraints on
developing a videoconferencing telemedicine system. This
endangers one of the primary aims of videoconferencing
implementation—equity. In fact, the Ministry of Internal Affairs
and Communications reported that the internet use rate in Japan
was >54.2% in households, with an annual income of <¥2
million (<US $19,000), whereas it was >85% in households
with >¥4 million (>US $38,000) [20]. The cost of internet use
depends on the type of service used. For example, in cases of
our study, because the smartphones of patients, family
caregivers, or clinics were used in videoconferencing, no
additional cost other than communication costs paid by patients
was needed. Commonly in Japan, medical institutions use
remote examination platforms or phone calls when conducting
remote examinations [21]. However, it is uncommon that the
Japanese national insurance system covers the cost of provision
of adequate devices, training in their use, the videoconferencing
connection, and the administration of setting up
videoconferencing. It is important to encourage patients or
caregivers to, wherever and whenever possible, be able to use
modern communication equipment, enabling them to use
videoconferencing or telemedicine in times of emergency or
whenever a physician is unable to make a physical visit. Another
option is to change the system so that nurses and paramedics
can conduct medical interventions without referring to
physicians.
Third, telemedicine may miss some important clinical
information that could be obtained in a face-to-face consultation.
In addition, orchestrating sample collection, transport for testing,
and analyses also takes longer than it would in a hospital or
clinic environment, and the inability to use specialized
equipment to aid diagnoses, which would often be available in
medical facilities, makes home care less than ideal. Of note, we
should be aware that the use of telemedicine in emergency cases
in a home care setting is still in its infancy, and a careful and
gradual evolution is imperative. It is essential for physicians
and other health care professionals to perform a follow-up,
in-person evaluation following any telemedicine event, as is
currently done. It is also important to err on the side of caution
when carrying out emergency telemedical consultations by
calling for emergency transfers in cases possibly requiring rapid
interventions or access to specialized physicians, facilities, or
equipment.
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Limitations
The sample size of this study was small and diverse, and the
study findings should be interpreted with caution. We could not
compare the difference in the feasibility of conducting
videoconferencing, depending on the living environment;
however, formal caregivers may facilitate videoconferencing
better because of their knowledge and experience of using
videoconferencing. Moreover, considering the increase in older
patients who live alone in Japan, the costs involved, and the
scarcity of suitable accommodation, it is difficult for them to
move into caregiving facilities. Therefore, new strategies and
policies should be developed to ensure the provision of a suitable
level of care as Japan moves toward increased provision of
home care for patients.
Owing to the notification from the MHLW concerning remote
examination, it is expected for videoconferencing in home care
to increase in Japan in the foreseeable future. Troubles may
manifest when considerably more examinations are conducted
at the same time. In particular, as we discussed, the age of
patients and caregivers can affect the use of videoconferencing,
as observed in this study. Future research should be conducted
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with larger sample sizes to examine the reliability of our findings
through stratified analyses.

Conclusions
Consultations using videoconferencing in clinics are generally
safe and effective. Telemedicine is a valuable substitute for
face-to-face investigations where necessary or desirable. This
is a particularly valuable option in emergency situations,
especially when home care health personnel cannot access the
patients under their care. Japan has recently introduced the
concept of primary care and has introduced training and
qualifications in primary care. This will have a major impact
on home care options and practice, and the importance of and
potential for videoconferencing will be further enhanced
accordingly. Furthermore, the findings of our study have special
implications in the COVID-19 era. Considering the vast and
long-lasting impacts of the current global COVID-19 pandemic,
where physical visits are restricted, the findings in this study
can help health care workers, patients, and their families
involved in home care to appraise the characteristics of this
relatively new approach.

Acknowledgments
The authors express their sincere gratitude to all the clinic staff members, patients, and caregivers involved in this study. They
would like to thank Professor Andy Crump for his expertise and guidance in the production of this paper. This research was
supported by Yuumi Memorial Foundation for Home Health Care.

Authors' Contributions
HM and MK analyzed the data and wrote the manuscript. All authors conceptualized and designed the study and revised the
manuscript.

Conflicts of Interest
AO received a personal fee from MNES Inc, outside the submitted work. YN received a personal fee from MRT Inc, outside the
submitted work.

References
1.
2.

3.
4.

5.
6.
7.
8.

Hashiguchi TC. Bringing health care to the patient: an overview of the use of telemedicine in OECD countries. In: OECD
Health Working Papers. Paris: OECD Publishing; 2020.
Eze ND, Mateus C, Hashiguchi TC. Telemedicine in the OECD: an umbrella review of clinical and cost-effectiveness,
patient experience and implementation. PLoS One 2020 Aug 13;15(8):e0237585 [FREE Full text] [doi:
10.1371/journal.pone.0237585] [Medline: 32790752]
Shigekawa E, Fix M, Corbett G, Roby DH, Coffman J. The current state of telehealth evidence: a rapid review. Health Aff
(Millwood) 2018 Dec;37(12):1975-1982. [doi: 10.1377/hlthaff.2018.05132] [Medline: 30633674]
Latulippe K, Hamel C, Giroux D. Social health inequalities and eHealth: a literature review with qualitative synthesis of
theoretical and empirical studies. J Med Internet Res 2017 Apr 27;19(4):e136 [FREE Full text] [doi: 10.2196/jmir.6731]
[Medline: 28450271]
Japanese Journal of Telemedicine and Telecare Vol 15 Supplement (Japanese). Japanese Telemedicine and Telecare
Association. 2020. URL: https://plaza.umin.ac.jp/~jtta/pdf/book/vol15no3.pdf [accessed 2021-08-23]
[Telemedicine in Japan 2013]. Japanese Telemedicine and Telecare Association. URL: http://jtta.umin.jp/pdf/telemedicine/
telemedicine_in_japan_20131015-2_jp.pdf [accessed 2020-10-06]
[About examination using internet communication devices]. Ministry of Health, Labour and Welfare of Japan. URL: https:/
/www.mhlw.go.jp/file/06-Seisakujouhou-10800000-Iseikyoku/0000094452.pdf [accessed 2020-08-06]
[Guidelines for appropriate online examination practice]. The Ministry of Health, Labour and Welfare, Japan. URL: https:/
/www.mhlw.go.jp/content/000534254.pdf [accessed 2020-08-06]

https://www.jmir.org/2021/9/e23539

XSL• FO
RenderX

J Med Internet Res 2021 | vol. 23 | iss. 9 | e23539 | p.714
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
9.

10.
11.

12.
13.

14.

15.
16.
17.

18.
19.

20.
21.

Miyatake et al

Ito J, Edirippulige S, Aono T, Armfield NR. The use of telemedicine for delivering healthcare in Japan: systematic review
of literature published in Japanese and English languages. J Telemed Telecare 2017 Dec;23(10):828-834. [doi:
10.1177/1357633X17732801] [Medline: 29081269]
[Integrated community care system]. The Ministry of Health, Labour and Welfare, Japan. URL: https://www.mhlw.go.jp/
stf/seisakunitsuite/bunya/hukushi_kaigo/kaigo_koureisha/chiiki-houkatsu/ [accessed 2020-07-23]
Onda M, Imai H, Nanaumi Y, Hirano A, Fujii S, Arakawa Y. [Nationwide study on relations between workload and outcomes
of home visiting service by community pharmacists]. Yakugaku Zasshi 2015;135(3):519-527 [FREE Full text] [doi:
10.1248/yakushi.14-00220] [Medline: 25759060]
[Housing for the elderly]. The Ministry of Health, Labour and Welfare, Japan. URL: https://www.mhlw.go.jp/seisaku/2009/
03/01.html [accessed 2020-10-06]
Funderskov KF, Danbjørg DB, Jess M, Munk L, Zwisler AO, Dieperink KB. Telemedicine in specialised palliative care:
healthcare professionals' and their perspectives on video consultations-a qualitative study. J Clin Nurs 2019
Nov;28(21-22):3966-3976. [doi: 10.1111/jocn.15004] [Medline: 31328336]
Hammersley V, Donaghy E, Parker R, McNeilly H, Atherton H, Bikker A, et al. Comparing the content and quality of
video, telephone, and face-to-face consultations: a non-randomised, quasi-experimental, exploratory study in UK primary
care. Br J Gen Pract 2019 Aug;69(686):595-604 [FREE Full text] [doi: 10.3399/bjgp19X704573] [Medline: 31262846]
Trettel A, Eissing L, Augustin M. Telemedicine in dermatology: findings and experiences worldwide - a systematic literature
review. J Eur Acad Dermatol Venereol 2018 Feb;32(2):215-224. [doi: 10.1111/jdv.14341] [Medline: 28516492]
Taylor A, Morris G, Pech J, Rechter S, Carati C, Kidd M. Home telehealth video conferencing: perceptions and performance.
JMIR Mhealth Uhealth 2015 Sep 17;3(3):e90-e9- [FREE Full text] [doi: 10.2196/mhealth.4666] [Medline: 26381104]
Rygg L, Brataas H, Nordtug B. Introducing videoconferencing on tablet computers in nurse-patient communication: technical
and training challenges. Int J Telemed Appl 2018;2018:8943960 [FREE Full text] [doi: 10.1155/2018/8943960] [Medline:
30420881]
[White paper information and communications in Japan]. The Ministry of Internal Affairs and Communications, Japan.
URL: https://www.soumu.go.jp/johotsusintokei/whitepaper/ja/h30/html/nd142110.html [accessed 2020-07-23]
van Houwelingen CT, Ettema RG, Antonietti MG, Kort HS. Understanding older people's readiness for receiving telehealth:
mixed-method study. J Med Internet Res 2018 Apr 06;20(4):e123 [FREE Full text] [doi: 10.2196/jmir.8407] [Medline:
29625950]
[White paper information and communications in Japan]. The Ministry of Internal Affairs and Communications, Japan.
URL: https://www.soumu.go.jp/johotsusintokei/whitepaper/ja/h30/html/nd252120.html [accessed 2020-09-18]
[Verification of the results of telephone and online medical services from April to June 2020]. The Ministry of Health,
Labour and Welfare, Japan. URL: https://www.mhlw.go.jp/content/10803000/000657020.pdf [accessed 2020-09-27]

Abbreviations
CRP: C-reactive protein
MHLW: Ministry of Health, Labor and Welfare
WBC: white blood cell

Edited by R Kukafka; submitted 17.08.20; peer-reviewed by A Taylor, E Donaghy, I Mircheva, CC Lin; comments to author 17.09.20;
revised version received 05.11.20; accepted 21.06.21; published 01.09.21.
Please cite as:
Miyatake H, Kosaka M, Arita S, Tsunetoshi C, Masunaga H, Kotera Y, Nishikawa Y, Ozaki A, Beniya H
Videoconferencing for Home Care Delivery in Japan: Observational Study
J Med Internet Res 2021;23(9):e23539
URL: https://www.jmir.org/2021/9/e23539
doi:10.2196/23539
PMID:34468333

©Hirotomo Miyatake, Makoto Kosaka, Satoshi Arita, Chie Tsunetoshi, Hidehisa Masunaga, Yasuhiro Kotera, Yoshitaka Nishikawa,
Akihiko Ozaki, Hiroyuki Beniya. Originally published in the Journal of Medical Internet Research (https://www.jmir.org),
01.09.2021. This is an open-access article distributed under the terms of the Creative Commons Attribution License
(https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any medium,
provided the original work, first published in the Journal of Medical Internet Research, is properly cited. The complete bibliographic
information, a link to the original publication on https://www.jmir.org/, as well as this copyright and license information must
be included.
https://www.jmir.org/2021/9/e23539

XSL• FO
RenderX

J Med Internet Res 2021 | vol. 23 | iss. 9 | e23539 | p.715
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Avery et al

Original Paper

Primary Care Psychiatry eConsults at a Rural Academic Medical
Center: Descriptive Analysis
Jade Avery1*, MD; Dennis Dwan2*, MD; Gillian Sowden3, MD; Matthew Duncan3, MD
1

Department of Psychiatry, New York Presbyterian, Columbia University, New York City, NY, United States

2

Carney Hospital, Dorchester, MA, United States

3

Department of Psychiatry, Dartmouth-Hitchock Medical Center, Lebanon, NH, United States

*

these authors contributed equally

Corresponding Author:
Matthew Duncan, MD
Department of Psychiatry
Dartmouth-Hitchock Medical Center
1 Medical Center Drive
Lebanon, NH, 03756
United States
Phone: 1 6036504725
Email: matthew.s.duncan@hitchcock.org

Abstract
Background: Primary care providers serve a crucial role in addressing the mental health needs of many patients. However,
there are times when input from a psychiatric specialist may be helpful in supporting the mental health care provided in primary
care. Psychiatry eConsults can serve as a valuable tool in providing specialist advice for primary care physicians when direct
referral to specialty care is not readily available.
Objective: The goal of this study is to evaluate the content and implementation of psychiatric eConsults by primary care providers
in a rural academic medical center.
Methods: This is a retrospective review of 343 eConsults placed between May 2016 and February 2019 by primary care providers
at a single academic medical center. The content of eConsult requests, including patient diagnosis, consult question type, specialist
recommendations, patient demographics, the distance of patient and primary care providers from the consulting provider, rate of
implementation of the recommendation, and response time, were analyzed.
Results: The most common diagnoses associated with eConsults were depression (162/450, 36%) and anxiety (118/450, 26%).
The most commonly asked eConsult question was regarding medication management, including medication choice, side effects,
interactions, and medication taper (288/343, 84%). More than one recommendation was included in 76% (259/343) of eConsults,
and at least one recommendation was implemented by the primary care provider in 94% (282/300) of eConsults. The average
time to respond to an eConsult was 26 hours.
Conclusions: This study demonstrates that psychiatry eConsults can be conducted in a timely manner and that primary care
providers implement the recommendations at a high rate.
(J Med Internet Res 2021;23(9):e24650) doi:10.2196/24650
KEYWORDS
electronic consultation; psychiatry; eConsult; telehealth; telemedicine; rural

Introduction
Mental illness is especially prevalent, with nearly 1 in 5 adults
meeting criteria for a psychiatric disorder [1]. Untreated mental
illness has been associated with decreased functionality, reduced
quality of life, heightened physical health complications, and
premature mortality [2]. Although the demand for mental health
https://www.jmir.org/2021/9/e24650
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treatment has been increasing, studies have demonstrated a
shortage of mental health care clinicians, limited access to
mental health care [3], and extensive wait times [4].
Patients in rural settings (in particular) face additional challenges
in accessing mental health services. Rural populations are also
faced with geographic isolation and greater stigmatization of
mental health conditions [5]. Residents of small towns that are
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geographically far from larger metropolitan areas report
significantly less treatment of mental health conditions than
residents of cities, suburban areas, or rural areas adjacent to
larger metropolitan areas [3]. Although primary care providers
(PCPs) serve a crucial role in addressing the mental health needs
of patients and providing access to care [6], referrals to
specialists may be helpful in the treatment of many psychiatric
conditions. Increasing rates of specialist referrals and a shortage
of specialist availability represent a growing need for timely
specialist advice and increased collaboration between PCPs and
psychiatrists to reduce gaps in care.
The opportunity for collaboration between a PCP and
psychiatrist can be achieved through eConsults [7]. eConsults
are provider-to-provider communications within a shared
electronic medical record or web-based platform. The use of
eConsults has steadily expanded over the years, with eConsults
serving as an opportunity to improve health care quality and
reduce specialty care costs [7-10]. Although the use of eConsults
has been established in several specialties—included but not
limited to dermatology, cardiology, and nephrology—its use
within the field of psychiatry has recently increased and may
prove beneficial [11-13]. With extensive wait times for mental
health prescribers in many areas, especially among rural
populations, these consultations provide access to psychiatric
specialists, may reduce delay in starting psychiatric treatment,
and reach patients who may otherwise go without psychiatric
care [7,14]. Although there are possible advantages for the use
of psychiatric eConsults, little research has been conducted on
the model of a psychiatric eConsult system in an academic rural
health care setting.
The aim of this study is to explore the patterns, content, and
provider implementation of recommendations of psychiatric
eConsults in a large academic health care system. By conducting
a descriptive analysis of 343 psychiatric eConsults, we outlined
the practice of psychiatric eConsults, with the goal of portraying
the acceptability and efficiency of this practice. We hope that
our findings will add to the growing literature on e-consultation
and show that a modest amount of specialist time can support
PCPs in their delivery of mental health care for patients seeking
help in primary care.

Methods
Implementation, Execution, and Structure of a
Psychiatric Electronic Consultation Service Within a
Large Academic System

Avery et al
Hampshire. PCPs include attending physicians, resident
physicians, physician assistants, and nurse practitioners. All
clinics use Epic Systems software as a shared electronic health
record (EHR). General electronic consultations were first
launched at Dartmouth-Hitchcock Health in 2014 as part of the
Association of American Medical Colleges (AAMC) Project
CORE (Coordinating Optimal Referral Experiences:
Implementing eConsults and Enhanced Referrals). The
Department of Psychiatry joined the eConsult program at
Dartmouth-Hitchcock Health in 2016. By 2018,
Dartmouth-Hitchcock Health had 39 participating specialties.
Psychiatric eConsult procedures and protocols were developed
based on established guidelines set forth by the AAMC and
used by all specialties within Dartmouth-Hitchcock Health.
These included referral template guidelines, quality metrics for
response content and time frames, and the expectations of
referring providers and responding specialists. eConsult
templates were created for questions regarding depression,
anxiety, substance use, attention-deficit/hyperactivity disorder,
bipolar disorder, and psychosis. Templates include a free-text
field for the specific clinical question and short checklists for
common comorbid conditions and prior medication trials.
Patient-reported measures such as the Patient Health
Questionnaire 9 and General Anxiety Disorder 7 are commonly
available in the EHR, and relevant laboratory data are
automatically pulled by the EHR into the referral template.
eConsults are submitted to a shared pool within the EHR, which
is monitored daily by two psychiatrists. The responding
psychiatrist reviews the specific consultation question and
information in the eConsult referral template and may also
choose to review additional clinical information available in
the EHR, such as the PCP’s most recent progress note. An
example eConsult is shown in Textbox 1, with a standard
disclaimer included at the end of every eConsult in Textbox 2.
Response time is expected within 3 business days (72 hours)
and both the request and response become part of the patient’s
EHR. Typically, the specialist response to the PCP completes
the eConsult exchange. Further clinical management is
conducted by the PCP. However, in a small minority of cases,
the consulting psychiatrist may recommend an additional referral
for in-person consultation. Dartmouth-Hitchcock Health
provides an internal accounting of a nominal work relative value
unit credit for both the PCP and consulting psychiatrist, based
on the time taken to complete the e-consultation. e-Consultations
serve as no additional cost to the patient, and the insurance
company of the patient is not billed.

Dartmouth-Hitchcock Health is a rural academic medical center
with five primary care practice sites spread across New
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Textbox 1. Example of a psychiatric eConsult.
1. eConsult question(s): Patient currently takes citalopram 40 mg daily. She has been on this dose since June of 2012. She shares that it may not be
as effective for her mood as it used to be. She suffers from chronic neck pain with radiculopathy. She desires to switch to duloxetine, with the hope
of gaining better pain control. Can you please advise on a cross taper from 40 mg citalopram to duloxetine?
2. Recommendation(s): Cross tapering an anti-depressant is often an art more than a science. I usually take into account a patient's sensitivity to
medication side effects when doing a cross taper.
Assuming that this patient is not particularly sensitive to medication side effects, I would suggest the following:
Week 1: citalopram 20mg po daily and duloxetine 20mg po daily
Week 2: citalopram 10mg po daily and duloxetine 40mg po daily
Week 3: Discontinue citalopram and increase to duloxetine 60mg po daily
You can speed up or slow down this taper depending on how the patient tends to respond to these sorts of medication changes. I would slow down
the taper if she is having any side effects. I would also educate about the risk for serotonin syndrome, as a cross taper like this puts the patient at a
slightly increased risk for serotonin syndrome compared to tapering and discontinuing the citalopram first and then starting duloxetine.

Textbox 2. Standard disclaimer enclosed at the end of each eConsult.
This eConsult is focused on the specific clinical question(s) asked by the referring clinician, is based on the clinical data available to me, the consulting
physician, at the time of the request, and is furnished without benefit of a comprehensive evaluation or physical examination of the patient by me.
The guidance set forth in the eConsult note will need to be interpreted in light of any clinical issues not known to me or any changes in patient status
that I may not be aware of at the time of filing this eConsult. If further consultation is necessary, an in-person visit with me or another member of our
group is an option.

Data Collection Plan
We performed content analyses of all eConsults to psychiatry
that occurred between May 2016 and February 2019 at
Dartmouth-Hitchcock Medical Center (DHMC), located in
Lebanon, New Hampshire. We included all eConsults for
patients18 years or older, totaling 343 eConsults.

•

•

We reviewed and categorized eConsults according to the
following: consult diagnosis, question type, recommendations,
outcome classification, implementation status, time frame, and
distance.
•

•

“Consult diagnosis” was the listed billable diagnosis placed
by the PCP at the time of the consult. This diagnosis did
not always meet the Diagnostic and Statistical Manual of
Mental Disorders (Fifth Edition; DSM-5) criteria, given
the limited information in the medical chart required to
fully meet criteria for specific diagnoses.
“Question type” assessed the specific type of question asked
by the PCP. This aspect of the eConsult was further
categorized to distinguish and group the various types of
questions. All eConsult “question types” were independently
assessed by two raters and categorized as confirming or
making a diagnosis, medication recommendation,
medication side effects or interactions, referral for
psychotherapy, navigation of the health care system, need
for psychiatric in-person evaluation, or other. Navigation
of the health care system question types were categorized
as all questions where a PCP requested assistance from the
eConsult psychiatrist to determine the appropriate level of
care or specific services that a patient might require based
on their presentation. Medication recommendation was
further categorized as pharmacological recommendation,
assistance with a medication taper, or validation of current
medication treatment plan.
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•

•

“Recommendations” outlined the specific recommendation
type made by a psychiatrist to the PCP. These were
categorized as one or more of the following: psychotherapy,
medication choice, need for diagnostic clarity or additional
testing, face-to-face consultation, further workup needed,
no changes to plan, or other.
“Implementation status” categorized whether or not the
primary care clinician implemented the recommendations.
All records were reviewed to evaluate the consulting
psychiatrist recommendation and whether that specific
recommendation was implemented by the PCP. If the PCP
documented within the EHR that they followed the specific
recommendation by the psychiatrist (eg, ordered
recommended medication, referred to recommended
provider, or gathered additional information for diagnostic
clarification), they were documented to have “implemented
recommendation.” If the recommendations made by the
psychiatrist were not implemented by the PCP, the reason
for lack of implementation was explored, and they were
documented
to
“have
not
implemented
the
recommendation.” If there was no information in the EHR
as to whether or not a recommendation was implemented
either due to a loss of follow-up or lack of documentation
in the chart by the PCP, the eConsult was excluded from
this category.
“Time frame” calculated the time it took from placement
of the eConsult until completion of the eConsult by the
consulting psychiatrist. We documented the number of
exchanges between a consulting psychiatrist and primary
care physician. A standard exchange was documented as
zero if the only exchange was the initial consult question
and a response back to the consult question.
“Distance” was the distance in miles between the PCP office
from whence the eConsult originated and DHMC, where
the eConsult psychiatrist was located. The distance between
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the patient’s hometown and the location of the eConsult
psychiatrist was also calculated.
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Results

Data Analysis

Patient Characteristics

All information from charts were obtained via chart abstraction.
We had three independent reviews for all consultations (two
medical students and one attending psychiatrist). We used
descriptive statistics to report patient demographics, consult
diagnosis, question type, psychiatrist recommendation,
recommendation implementation, time frame, and distance of
primary care physician and patient from consulting provider.

Patient age ranged from 18 to 97 years. Most of the 343 patients
were female (n=241, 70.3%), were non-Hispanic White (n=325,
94.8%), were employed full-time (n=157, 45.8%), were married
(n=114, 42%), and had commercial insurance (n=212, 61.8%).
All patients preferred English (Table 1).
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Table 1. Patient characteristics of psychiatry eConsults from 2016 to 2019.
Characteristics

Patients (N=343)

Age (years), median (range)

47 (18-97)

Gender, n (%)
Female

241 (70.3)

Male

100 (29.2)

Female (transgender)

1 (0.3)

Male (transgender)

1 (0.3)

Race, n (%)
White (non-Hispanic)

325 (94.8)

White (Hispanic)

4 (1.2)

Asian

5 (1.5)

African American

4 (1.2)

Other

5 (1.5)

Employment status, n (%)
Employed (full-time)

157 (45.8)

Employed (part-time)

15 (4.4)

Not employed

71 (20.7)

Retired

70 (20.4)

Disabled

12 (3.5)

Other (not listed)

18 (5.2)

Insurance, n (%)
Commercial insurance

212 (61.8)

Dual eligibility (Medicare and Medicaid)

7 (2.0)

Medicaid

31 (9.0)

Medicare

78 (22.7)

No insurance

15 (4.4)

Marital status, n (%)
Divorced

45 (13.1)

Married

144 (42.0)

Other

23 (6.7)

Separated

7 (2.0)

Single

124 (36.2)

Preferred language, n (%)
English

340 (99.1)

Other

3 (0.9)

eConsult Content and Characteristics
Consult Diagnosis
eConsults often included multiple diagnoses. Therefore, among
343 eConsults, 450 diagnoses were abstracted. The most
common diagnosis was depression (n=162, 36%), followed by
anxiety (n=118, 26.2%), psychosis (n=47, 10.4%), other (n=47,
10.4%),
bipolar
disorder
(n=28,
6.2%),
attention-deficit/hyperactivity disorder (n=24, 5.3%), substance
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use (n=12, 2.7%), and posttraumatic stress disorder (n=12,
2.7%). “Other” diagnoses included eating disorders (n=11),
personality disorders (n=5), obsessive-compulsive disorder
(n=5), neurocognitive disease (n=8), insomnia (n=7), unspecified
mood disorder (n=9), and adverse drug reactions (n=2).
DSM-5–specific diagnoses were often not used, as there often
was not sufficient information in the medical chart to make a
DSM-5 diagnosis.
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Question Type
A majority (n=288, 84%) of the 343 eConsults pertained
specifically to medication management, which included
medication choice, side effects or interactions, or medication
taper. eConsults seeking help in securing a psychiatry referral
represented 6.4% (n=22) of eConsults, and eConsults dealing
with navigating the health care system, including questions on
appropriate referrals or available services, represented 4.6%
(n=16) of eConsults. Only 1.7% (n=6) of eConsults asked for
assistance in making a clinical diagnosis, and 1.2% (n=4) were
a request for referral for psychotherapy. Finally, 2% (n=7) of
eConsult questions were classified as “other” and included
management strategies (eg, how to approach a patient in a clinic
who does not recognize their own delusions) and verification
of a management plan.

eConsult Recommendations
Each eConsult response typically included multiple
recommendations, with a total of 602 recommendations
collected across 343 eConsults. Most eConsults recommended
medication management, psychotherapy, or a combination of
both (419/602, 69.6%). The consulting psychiatrist
recommended to either reassess the diagnosis or obtain
additional history 15% (90/602) of the time; face-to-face
consultations or referrals to outpatient therapy were
recommended 7% (43/602) of the time. No changes were
recommended in 1.7% (10/602) of the eConsult responses. The
category “other” included referral to specialized resources (eg,
aging resource center), direct phone call to PCP, and other
treatment modalities (eg, light box), and was recommended
1.7% (10/602) of times.

eConsult Implementation Status
A total of 43 out of 343 of eConsult cases could not be evaluated
for implementation status due to a loss of follow-up or lack of
documentation in the chart by the PCP. At least one of the
psychiatrist’s recommendations was implemented by the PCP
in 282 out of 300 of cases. The recommendation was specifically
not implemented in 6% (18/300) of the cases due to patient
refusal (n=14), PCP refusal (n=2), and the patient improving
without intervention (n=2). Therefore, of the 300 eConsults
available for analysis, at least one recommendation was
implemented 94% (282/300) of the time.

eConsult Time Frame
The average time for a psychiatrist to respond to an eConsult
was 25.8 (IQR 5.4-28.5) hours. Nearly all eConsults (330/343,
96.2%) were sufficiently answered with one response.

Distance of Primary Care Physician and Patient From
Consulting Provider
The average distance of the referring PCP office was 46 miles
away from the psychiatrist who answered the eConsult. Of the
330 patients with listed PCPs, 41% (n=142) of eConsults were
from PCPs with offices in the same hospital as the answering
psychiatrist, and 35.8% (n=118) of eConsults were placed by
PCPs in offices greater than 50 miles away. The average distance
of the patient’s hometown from the answering psychiatrist was
also analyzed to measure the distance a patient would have to
https://www.jmir.org/2021/9/e24650
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travel to attend an in-person evaluation by one of our
psychiatrists. A total of 8 patients were excluded from this
analysis due to lack of hometown data, resulting in an average
distance of 43.7 miles from patient hometown to consulting
psychiatrist. We found that 29% (97/335) of patients lived within
15 miles of the consulting psychiatrist, and 42% (142/335) lived
more than 50 miles away.

Discussion
Our study demonstrates that psychiatric e-consultation can be
a helpful tool to support PCPs in delivering mental health care
to their patients. Psychiatric e-consultation serves as a bridge
to improve timely access to specialist opinion, aiding both PCPs
and patients. The asynchronous nature of eConsults permits the
PCP to ask and the consulting psychiatrist to answer eConsults
at a time convenient to both providers, rather than having to
respond to a page or phone call from the PCP who is requesting
the consultation. At our institution, the eConsult psychiatrists
are outpatient psychiatrists who are not embedded in primary
care practices and are often not available to discuss a case with
a PCP by phone. Though eConsults do not replace the benefits
of having a psychiatrist embedded in a primary care practice
and available to do curbside consultations, they offer access to
psychiatric care for primary care clinicians who do not have
easy access to a psychiatrist.
e-Consultation may be of particular benefit in rural settings,
where access to psychiatric specialists is often limited. Our
analysis shows that eConsults can be answered promptly (on
average <26 hours), and the vast majority of recommendations
(94%) are implemented by primary care physicians. Considering
in-person or telehealth psychiatry referrals for initial evaluations
can take months to schedule, the timeliness of e-consultation
can be helpful in reducing delays initiating treatment for
common mental health disorders that frequently present in
primary care. With additional constraints on in-person care
caused by the COVID-19 pandemic, e-consultation provides
yet another tool that may be used to meet the growing mental
health needs in the United States.
Over 80% of eConsults in our study were questions about the
management of psychiatric medications, which is similar to the
findings of other studies evaluating the content of psychiatry
eConsults [8]. Specifically, most PCPs in our study submitted
an eConsult for medication recommendation or a second opinion
on their choice of medication for an established diagnosis. Less
commonly, questions were asked about side effect profile or
advice on tapering a certain medication. Our finding that most
eConsult questions were regarding pharmacotherapy may be
explained by the therapeutic complexity of managing patients
with psychiatric conditions.
Our response time was similar to those of other studies
evaluating psychiatry eConsults, with an average response time
of 1.1 days compared to 1.4 days in a study by Wren et al [9]
and 2.6 days in a study by Lowenstein et al [10]. Furthermore,
our response time to eConsults may have been slightly increased
due to eConsults placed outside of normal work hours where
response was delayed until the next workday. For reference,
eConsults were sometimes returned as early as 12 minutes, and
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31.2% (107/343) were returned within 12 hours. Overall, the
quick turnaround time both in our study and in the literature
confirms the viability of eConsults as a means to get more timely
psychiatric recommendations than an in-person evaluation.
We believe that our study’s 94% implementation rate of at least
one eConsult recommendation and the fact that 96% of
eConsults did not prompt further questions or follow-up from
the PCP demonstrates that the quality of recommendations still
remain high despite the lack of in-person evaluation, which is
congruent to the 96% implementation rate reported by
Lowenstein et al [10]. However, satisfaction of our eConsults
would be better evaluated with a survey to PCPs, which was
not performed. A follow-up study should be conducted to
measure PCP satisfaction and patient outcomes following
implementation of eConsult recommendations.
The utility of psychiatric eConsults particularly in rural settings
is substantial. In our study, both patients and PCP physician
offices were on average nearly an hour away from the center
where the consulting psychiatry providers were located.
Therefore, providing PCPs with the tool to receive timely
specialist advice and potentially obviate the need for in-person
evaluation has the potential to provide more immediate access
to mental health care, reduce additional costs or need for
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separate outpatient appointments, and potentially reduce
additional costs either for transit or time off from work.
Limitations to this study include the fact that this is a
single-center study in a rural academic medical center, which
is susceptible to a lack of external generalizability when
compared to medical centers in other settings. eConsults were
also performed by two psychiatrists, so certain elements of the
consult such as the time to respond may differ if more consulting
psychiatrists were included. Finally, this was a retrospective
study evaluating only patients 18 years or older and from a
3-year period.
Psychiatric e-consultations are effective in delivering specialist
recommendations to PCPs and patients in a timely manner.
eConsults may be of particular benefit in rural settings, bridging
both time and distance, which are common barriers that delay
care. eConsults allow PCPs to quickly verify or make changes
to their management of psychiatric disorders and may avoid the
need for in-person appointments with a psychiatric specialist
in a majority of cases. Demonstrating the value and effectiveness
of psychiatric e-consultation is especially important given the
barriers patients and PCPs may experience when trying to refer
for in-person psychiatry evaluation.
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Abstract
Background: Dramatic decreases in outpatient visits and sudden increases in telehealth visits were observed during the COVID-19
pandemic, but it was unclear whether these changes differed by patient demographics and socioeconomic status.
Objective: This study aimed to assess the impact of the pandemic on in-person outpatient and telehealth visits (telephone and
video) by demographic characteristics and household income in a diverse population.
Methods: We calculated weekly rates of outpatient and telehealth visits by age, sex, race/ethnicity, and neighborhood-level
median household income among members of Kaiser Permanente Southern California (KPSC) from January 5, 2020, to October
31, 2020, and the corresponding period in 2019. We estimated the percentage change in visit rates during the early pandemic
period (March 22 to April 25, 2020) and the late pandemic period (October 4 to October 31, 2020) from the prepandemic period
(January 5 to March 7, 2020) in Poisson regression models for each subgroup while adjusting for seasonality using 2019 data.
We examined if the changes in visit rates differed by subgroups statistically by comparing their 95% CIs.
Results: Among 4.56 million KPSC members enrolled in January 2020, 15.0% (n=682,947) were ≥65 years old, 51.5%
(n=2,345,020) were female, 39.4% (n=1,795,994) were Hispanic, and 7.7% (n=350,721) lived in an area of median household
income <US $40,000. Increases in telehealth visits during the pandemic varied across subgroups, while decreases in outpatient
visits were similar, except by age. Among age groups, the ≥65 years population had the least increase in telehealth visits (236.6%,
95% CI 228.8%-244.5%), with 4.9 per one person-year during the early pandemic period versus 1.5 per one person-year during
the prepandemic period. During the same periods, across racial/ethnic groups, Hispanic individuals had the largest increase in
telehealth visits (295.5%, 95% CI 275.5%-316.5%). Across income levels, telehealth visits in the low-income group increased
the most (313.5%, 95% CI 294.8%-333.1%). The rate of combined outpatient and telehealth visits in the Hispanic, non-Hispanic
Black, and low-income groups returned to prepandemic levels by October 2020.
Conclusions: The Hispanic group and low-income group had the largest percentage increase in telehealth utilization in response
to the COVID-19 pandemic. The use of virtual care potentially mitigated the impact of the pandemic on health care utilization
in these vulnerable populations.
(J Med Internet Res 2021;23(9):e29959) doi:10.2196/29959
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COVID-19; pandemic; health care utilization; telehealth; disparity
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Introduction
The COVID-19 pandemic has impacted every aspect of life
since it started in late December 2019, including health care
delivery in the United States. After the declaration of a national
state of emergency concerning the pandemic on March 13, 2020,
the Centers for Disease Control and Prevention (CDC) and
Centers for Medicare and Medicaid Services recommended
delaying elective and nonemergent care on March 18, 2020 [1].
In addition, the CDC encouraged the use of telehealth services
to deliver care [2]. Due to these policy changes and patients’
concerns about COVID-19 infection during health care visits,
dramatic decreases in outpatient visits and sudden increases in
telehealth visits (telephone and video) were observed during
the COVID-19 pandemic [3-5].
However, the changes in outpatient and telehealth visits caused
by the pandemic may differ by demographic and socioeconomic
characteristics such as age, sex, race/ethnicity, language
preference, income, and education [6,7]. Although telehealth
visits increased prior to the pandemic primarily due to increased
internet availability, insurance coverage, and cost savings [8],
access to telehealth has inherent barriers [9,10]. Individuals
with limited digital literacy or access to digital technology,
limited health literacy, or limited English proficiency may not
have the means to pursue telehealth technologies [11]. During
the COVID-19 pandemic, these barriers may influence the
existing disparities in accessing telehealth visits among
individuals of low socioeconomic status, individuals of racial
and ethnic minorities, and women [12].
Knowledge about utilization disparities during the pandemic is
limited, and there remains great interest in understanding
utilization disparities in large and diverse health care
organizations. The objective of this study was to assess the
impact of the COVID-19 pandemic on in-person outpatient and
telehealth visits (telephone and video) in subgroups defined by
age, sex, race/ethnicity, and neighborhood-level median
household income in a large diverse population through October
31, 2020.

Methods
Study Setting, Population, and Period
This retrospective cohort study was conducted at Kaiser
Permanente Southern California (KPSC), an integrated health
care system that provides comprehensive health care to over
4.7 million racially, ethnically, and socioeconomically diverse
members at its 15 hospitals and 234 medical offices [13]. The
prepaid health plan provides strong motivation for members to
use services at KPSC facilities. KPSC’s electronic health record
system stores information about all aspects of the care provided
to members, including demographics, medical encounters,
vaccinations, pharmacy utilization, membership history, and
claims. The study population consisted of individuals of all ages
who were KPSC members from January 5, 2020, to October
31, 2020 (week 1 to week 43 in 2020) and the corresponding
period in 2019.
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Outpatient and Telehealth Visits
We identified outpatient visits and telehealth visits using
electronic health record data and claims data. The outpatient
visits included all in-person outpatient visits, while telehealth
visits included telephone appointment visits and video visits
that were conducted synchronously using real-time telephone
or live video-audio interaction. These telehealth visits were
billable and had a diagnosis or procedure code. Less than 6%
of outpatient and telehealth encounters in KPSC were from
claims [14]. The study was reviewed and approved by the KPSC
Institutional Review Board.

Statistical Analysis
We first described the characteristics of KPSC members enrolled
in January 2020. The weekly (Sunday to Saturday) rates of
outpatient visits, telehealth visits, and combined outpatient and
telehealth visits were calculated during the study period by age
(0-5 years, 6-17 years, 18-44 years, 45-64 years, and ≥65 years),
sex, self-reported race/ethnicity (non-Hispanic White,
non-Hispanic Black, Hispanic, non-Hispanic Asian, and
other/unknown), and neighborhood-level median household
income (<US $40,000, US $40,000-$79,999, and ≥US $80,000).
In calculating a weekly rate, the numerator was the visit count
of each visit type and the denominator was person-years of
membership during a given week. The trend of visit rates during
the pandemic year by subgroups was plotted separately for
outpatient, telehealth, and combined outpatient and telehealth
visits.
To assess the impact of the COVID-19 pandemic on the visit
rate, we selected the following three periods in 2020: week 1-9
(January 5 to March 7, 2020) for the prepandemic period, week
12-16 (March 22 to April 25, 2020) for the early pandemic
period immediately after California’s stay-at-home order, and
week 40-43 (October 4 to October 31, 2020) for the later
pandemic period after reopening. Three corresponding periods
in 2019 were also identified and used to control for seasonality.
We estimated the ratio of the visit rate during the pandemic
period to the visit rate during the prepandemic period in Poisson
regression models with the visit count as the dependent variable
and natural logarithm of person-years of membership as an
offset for each subgroup, adjusting for other subgroup variables
and seasonality. The robust variance estimator was used to
obtain standard errors of parameter estimates in Poisson
regression models. After the adjusted rate ratio was estimated
from Poisson regression models, the percentage change was
calculated as follows: (adjusted rate ratio − 1) × 100%. We
examined if the changes in visit rates differed by age, sex,
race/ethnicity, and household income by comparing their 95%
CIs.

Results
Study Population
Among the 4.56 million KPSC members enrolled in January
2020, 15.0% (n=682,947) were ≥65 years old, 51.5%
(n=2,345,020) were female, 39.4% (n=1,795,994) were
Hispanic, and 7.7% (n=350,721) lived in census tract areas with
median household income <US $40,000 (Table 1).
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Table 1. Demographic characteristics and neighborhood household income levels of members in Kaiser Permanente Southern California in January
2020 (N=4,556,646).
Characteristic

Value, n (%)

Age (years)
0-5

284,413 (6.2)

6-17

653,649 (14.3)

18-44

1,743,358 (38.3)

45-64

1,192,279 (26.2)

≥65

682,947 (15.0)

Female

2,345,020 (51.5)

Male

2,211,304 (48.5)

Unknown

322 (0.0)

Sex

Race/ethnicity
Hispanic

1,795,994 (39.4)

Non-Hispanic White

1,403,840 (30.8)

Non-Hispanic Black

347,019 (7.6)

Non-Hispanic Asian

448,270 (9.8)

Other and unknown

561,523 (12.3)

Neighborhood median household income (US $)
<40,000

350,721 (7.7)

40,000-79,999

2,178,471 (47.8)

≥80,000

1,913,377 (42.0)

Unknown

114,077 (2.5)

Outpatient Visits
Across all subgroups, outpatient visit rates had a steep drop-off
after the start of the pandemic, reaching their lowest levels by
early April 2020 (week 14), and then, they gradually increased
but remained lower than prepandemic levels (Figure 1). Among
age groups, the ≥65 years population had the smallest decrease
in outpatient visits (adjusted percentage change: −29.6%, 95%
CI −30.5% to −28.6%), with 6.25 visits per person-year during
the later pandemic period versus 8.92 visits per person-year
during the prepandemic period in 2020 (Table 2). Children aged
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6-17 years had the largest decrease (−50.2%, 95% CI −51.6%
to −48.7%) in outpatient visits, with 1.92 visits per person-year
during the later pandemic period versus 3.86 visits per
person-year during the prepandemic period in 2020. The
decreases in outpatient visits did not differ statistically by sex,
race/ethnicity, and household income groups, ranging from
−83.8% to −80.7% when comparing the early pandemic period
to the prepandemic period in 2020 and ranging from −38.8%
to −35.9% when comparing the later pandemic period to the
prepandemic period in 2020.
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Figure 1. Outpatient visit rates over time by age, sex, race/ethnicity, and neighborhood median household income in 2020.
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Table 2. Outpatient visit rates per one person-year before and during the COVID-19 pandemic in 2020.
Characteristic

Prepandemic During the pandemic

Percentage change from
prepandemic (%)

Adjusted percentage change from prepandemic
(%) (95% CI)a

Week 1-9

Week 12-16
(early)

Week 40-43
(later)

Week 12-16
(early)

Week 40-43
(later)

Week 12-16 (early)

Week 40-43 (later)

0-5

7.03

1.35

3.53

−80.8

−49.7

−79.6 (−80.7 to −78.5)

−47.2 (−48.9 to −45.4)

6-17

3.86

0.38

1.92

−90.2

−50.3

−90.0 (−90.4 to −89.5)

−50.2 (−51.6 to −48.7)

18-44

4.10

0.83

2.39

−79.6

−41.7

−78.9 (−79.5 to −78.3)

−40.8 (−42.0 to −39.4)

45-64

5.52

0.93

3.52

−83.2

−36.2

−82.6 (−83.0 to −82.2)

−35.4 (−36.5 to −34.2)

≥65

8.92

1.39

6.25

−84.4

−29.9

−84.1 (−84.5 to −83.8)

−29.6 (−30.5 to −28.6)

Female

6.08

1.03

3.73

−83.0

−38.7

−82.5 (−82.9 to −82.1)

−38.3 (−39.2 to −37.4)

Male

4.55

0.78

2.80

−83.0

−38.4

−82.3 (−82.7 to −81.9)

−37.4 (−38.5 to −36.2)

Hispanic

5.37

0.95

3.26

−82.2

−39.3

−81.7 (−82.8 to −80.5)

−38.8 (−41.6 to −35.8)

Non-Hispanic
White

6.34

1.03

3.90

−83.7

−38.4

−83.1 (−83.9 to −82.2)

−38.0 (−40.3 to −35.7)

Non-Hispanic
Black

6.04

1.11

3.82

−81.6

−36.8

−81.1 (−82.2 to −80.0)

−36.3 (−39.0 to −33.4)

Non-Hispanic
Asian

4.90

0.82

3.23

−83.2

−34.0

−83.0 (−84.0 to −81.9)

−35.9 (−38.5 to −33.1)

Age (years)

Sex

Race/ethnicity

Neighborhood median household income (US $)
<40,000

5.09

0.97

3.23

−81.0

−36.5

−80.7 (−81.7 to −79.5)

−36.8 (−39.6 to −33.8)

40,000-79,999

5.28

0.92

3.23

−82.7

−38.9

−82.2 (−83.2 to −81.2)

−38.7 (−41.2 to −36.1)

≥80,000

5.51

0.87

3.40

−84.3

−38.3

−83.8 (−84.6 to −82.9)

−38.1 (−40.3 to −35.7)

a

Analyses for age groups were adjusted for sex and race/ethnicity; analyses for sex were adjusted for age and race/ethnicity; analyses for race/ethnicity
were adjusted for age and sex; analyses for neighborhood median household income were adjusted for age, sex, and race/ethnicity; all analyses were
adjusted for seasonality using 2019 data.

Telehealth Visits
Across all subgroups, except children aged 6-17 years, telehealth
visit rates increased sharply after the start of the pandemic and
then slowly decreased (Figure 2). The telehealth visit rates in
children aged 6-17 years remained stable after an initial increase
during the pandemic. Comparing the early pandemic period to
the prepandemic period in 2020, across age groups, the
telehealth visits increased the most among children aged 0-5
years (475.5%, 95% CI 446.2%-506.4%) and the least among
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adults aged ≥65 years (236.6%, 95% CI 228.8%-244.5%) (Table
3). Telehealth visits increased significantly more among males
(293.9%, 95% CI 283.4%-304.7%) than females (260.0%, 95%
CI 252.6%-267.6%). Across racial/ethnic groups, Hispanic
individuals had the largest increase in telehealth visits (295.5%,
95% CI 275.5%-316.5%). Across income levels, telehealth
visits in the low-income group increased the most (313.5%,
95% CI 294.8%-333.1%). The patterns were similar when
comparing the later pandemic period to the prepandemic period
in 2020, but with smaller differences.
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Figure 2. Telehealth visit rates over time by age, sex, race/ethnicity, and neighborhood median household income in 2020.
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Table 3. Telehealth visit rates per one person-year before and during the COVID-19 pandemic in 2020.
Characteristic

Prepandemic During the pandemic

Percentage change from
prepandemic (%)

Adjusted percentage change from prepandemic (%) (95% CI)a

Week 1-9

Week 12-16
(early)

Week 40-43
(later)

Week 12-16
(early)

Week 40-43
(later)

Week 12-16 (early)

Week 40-43 (later)

0-5

0.57

2.97

2.24

422.2

293.4

475.5 (446.2-506.4)

354.2 (331.4-378.2)

6-17

0.37

1.72

1.77

370.4

383.6

383.5 (362.9-405.1)

394.8 (372.9-417.7)

18-44

0.78

2.95

2.65

278.5

239.6

282.6 (271.2-294.3)

237.6 (228.3-247.2)

45-64

1.10

3.72

2.91

238.5

165.2

247.7 (237.8-257.8)

164.0 (157.0-171.2)

≥65

1.49

4.90

3.91

227.7

161.5

236.6 (228.8-244.5)

161.1 (156.2-166.2)

Female

1.08

3.81

3.30

252.2

204.9

260.0 (252.6-267.6)

204.0 (197.1-211.0)

Male

0.70

2.70

2.19

283.7

211.0

293.9 (283.4-304.7)

212.4 (203.1-222.0)

Hispanic

0.86

3.37

2.83

291.3

227.6

295.5 (275.5-316.5)

220.3 (203.0-238.5)

Non-Hispanic White

1.10

3.75

3.23

240.4

193.3

255.2 (240.7-270.3)

198.9 (186.0-212.4)

Non-Hispanic Black

1.13

4.25

3.43

274.1

202.5

278.6 (260.1-298.0)

188.3 (173.7-203.6)

Non-Hispanic Asian

0.79

2.63

2.18

233.7

176.1

233.2 (215.7-251.7)

169.0 (153.7-185.3)

Age (years)

Sex

Race/ethnicity

Neighborhood median household income (US $)
<40,000

0.82

3.38

2.79

311.7

239.5

313.5 (294.8-333.1)

220.4 (204.7-236.9)

40,000-79,999

0.88

3.34

2.81

277.6

217.8

283.3 (267.5-299.7)

211.4 (197.6-225.8)

≥80,000

0.92

3.22

2.77

249.0

200.7

259.3 (245.4-273.8)

202.4 (189.9-215.5)

a

Analyses for age groups were adjusted for sex and race/ethnicity; analyses for sex were adjusted for age and race/ethnicity; analyses for race/ethnicity
were adjusted for age and sex; analyses for neighborhood median household income were adjusted for age, sex, and race/ethnicity; all analyses were
adjusted for seasonality using 2019 data.

Combined Outpatient and Telehealth Visits
Despite increases in telehealth visits during the pandemic, across
all subgroups, the rate of combined telehealth and outpatient
visits still decreased during the early pandemic period and only
returned to prepandemic levels for some subgroups (Figure 3).
Comparing the later pandemic period to the prepandemic period
in 2020, across age groups, the rate of combined outpatient and
telehealth visits decreased the most among children aged 0-5
years (−19.7%, 95% CI −21.9% to −17.5%) (Table 4). The
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combined visit rate among adults aged 18-44 years during the
later pandemic period exceeded the prepandemic level by 4.7%
(95% CI 2.5%-6.8%). The combined visit rates returned to the
prepandemic levels by October 2020 for the following
subgroups: Hispanics (percentage change: −1.8%, 95% CI
−6.1% to 2.6%), Non-Hispanic Black individuals (percentage
change: 1.1%, 95% CI −3.0% to 5.3%), those with income <US
$40,000 (percentage change: 0.7%, 95% CI −3.4% to 5.0%),
and those with income US $40,000-$79,999 (percentage change:
−2.1%, 95% CI −5.8% to 1.8%).
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Figure 3. Combined outpatient and telehealth visit rates over time by age, sex, race/ethnicity, and neighborhood median household income in 2020.
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Table 4. Combined outpatient and telehealth visit rates per one person-year before and during the COVID-19 pandemic in 2020.
Characteristic

Prepandemic During the pandemic

Percentage change from
prepandemic (%)

Adjusted percentage change from prepandemic
(%) (95% CI)a

Week 1-9

Week 12-16
(early)

Week 40-43
(later)

Week 12-16
(early)

Week 40-43
(later)

Week 12-16 (early)

Week 40-43 (later)

0-5

7.60

4.32

5.77

−43.1

−24.0

−39.5 (−41.5 to −37.4)

−19.7 (−21.9 to −17.5)

6-17

4.22

2.10

3.69

−50.2

−12.7

−49.2 (−50.6 to −47.7)

−12.3 (−14.6 to −9.9)

18-44

4.88

3.79

5.04

−22.3

3.3

−19.8 (−21.4 to −18.2)

4.7 (2.5 to 6.8)

45-64

6.62

4.64

6.43

−29.9

−2.8

−27.4 (−28.7 to −26.0)

−1.8 (−3.4 to −0.1)

≥65

10.41

6.28

10.16

−39.6

−2.5

−38.5 (−39.4 to −37.5)

−2.1 (−3.3 to −0.9)

Female

7.16

4.84

7.02

−32.4

−2.0

−30.6 (−31.7 to −29.5)

−1.4 (−2.7 to −0.1)

Male

5.26

3.48

4.99

−33.9

−5.0

−31.4 (−32.6 to −30.2)

−3.5 (−5.1 to −2.0)

Hispanic

6.23

4.33

6.08

−30.5

−2.4

−28.7 (−31.8 to −25.5)

−1.8 (−6.1 to 2.6)

Non-Hispanic
White

7.44

4.78

7.13

−35.8

−4.1

−33.3 (−35.6 to −30.9)

−3.4 (−6.6 to 0.0)

Non-Hispanic
Black

7.18

5.36

7.25

−25.3

1.0

−23.5 (−26.7 to −20.3)

1.1 (−3.0 to 5.3)

Non-Hispanic
Asian

5.69

3.45

5.41

−39.3

−4.8

−38.4 (−41.0 to −35.7)

−7.5 (−11.1 to −3.7)

Age (years)

Sex

Race/ethnicity

Neighborhood median household income (US $)
<40,000

5.91

4.35

6.02

−26.5

1.9

−25.2 (−28.3 to −22.1)

0.7 (−3.4 to 5.0)

40,000-79,999

6.17

4.26

6.04

−31.0

−2.1

−29.2 (−31.9 to −26.4)

−2.1 (−5.8 to 1.8)

≥80,000

6.43

4.08

6.17

−36.5

−4.1

−34.4 (−36.7 to −32.1)

−3.7 (−6.9 to −0.3)

a

Analyses for age groups were adjusted for sex and race/ethnicity; analyses for sex were adjusted for age and race/ethnicity; analyses for race/ethnicity
were adjusted for age and sex; analyses for neighborhood median household income were adjusted for age, sex, and race/ethnicity; all analyses were
adjusted for seasonality using 2019 data.

Discussion
Principal Findings
We examined the impact of the COVID-19 pandemic on
outpatient and telehealth visits by demographic characteristics
and household income levels in a large integrated health care
system. We found that increases in telehealth visits during the
COVID-19 pandemic varied across age, sex, race/ethnicity, and
household income groups, while decreases in outpatient visits
during the COVID-19 pandemic were similar across all
subgroups, except age groups. The rates of combined outpatient
and telehealth visits in the Hispanic, non-Hispanic Black, and
low-income groups returned to prepandemic levels by October
2020.
While adults aged ≥65 years had the highest telehealth visit
rates before and during the pandemic, this age group had the
smallest percentage increase in telehealth visits during the
pandemic among all age groups, suggesting that greater barriers
existed for the senior population to further expand their use of
telehealth services during the pandemic. For example, seniors
may have limited access to digital technologies and may have
https://www.jmir.org/2021/9/e29959
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difficulty in using technologies required for telehealth visits.
Recent studies among Medicare beneficiaries showed that 26.3%
of individuals lacked digital access at home, making it unlikely
for them to have video visits with clinicians [15]. Furthermore,
a recent study showed that difficulty hearing and problems of
speaking or making oneself understood were the top two reasons
for hesitancy to use telehealth [16].
Members living in an area with median household income <US
$40,000 increased their telehealth visits per person-year from
0.82 during week 1-9 to 3.38 during week 12-16, a higher
percentage increase than that for those living in an area with
median household income ≥US $80,000 (from 0.92 during week
1-9 to 3.22 during week 12-16). The KPSC service area covers
mostly nonrural residents whose access to a telephone is not a
barrier for using telehealth services. Following the CDC’s
recommendation to delay elective and nonemergent care on
March 18, 2020, KPSC offered zero co-payments for telehealth
visits, which might have been especially helpful for the
low-income population. In addition, telehealth visits provide
flexibility in care location, and save time and cost associated
with commuting for in-person care.
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Hispanic individuals had the greatest percentage increase in
telehealth visits across racial/ethnic groups, although their visit
rates during the prepandemic and pandemic periods were lower
than those of non-Hispanic Black and non-Hispanic White
individuals. A study conducted in New York City during the
pandemic showed that Hispanic and Black patients had lower
odds of using telehealth visits versus office visits than either
White or Asian patients, but the authors did not consider the
trend of telehealth utilization [17]. A recent study based on
survey data showed that Black respondents were more likely
than White respondents to report using telehealth because of
the pandemic [18]. The fact that a larger proportion of
racial/ethnic minorities live in low-income areas, along with
KPSC’s zero co-payment policy for telehealth visits, might
support telehealth care among Hispanic individuals. In addition,
telehealth is accessible for members with limited English
proficiency. Spanish is a common language in southern
California, spoken by many providers. The removal of Spanish
language barriers could have encouraged Hispanic individuals
to continue using telehealth care and contributed to larger
increases of telehealth care in this population.
The impact of the COVID-19 pandemic on telephone and video
visits may differ because the barrier to technology use is higher
for video than telephone [12]. We assessed the rate of telehealth
visits within KPSC separately by telephone and video visits
(Multimedia Appendix 1). The trend of telephone visits was
similar to the trend of overall telehealth visits, with the rates
increasing sharply after the start of the pandemic and then
gradually decreasing. The use of video visits was very low
before the pandemic, with only 2.1% of telehealth visits
occurring within KPSC being video visits. The video visit rate
increased gradually over time after the start of the pandemic,
contributing to 24% of telehealth visits by the end of October
2020. The slower and more gradual increase in video visits was
likely due to technology barriers, for example, need for a web
camera and digital literacy to conduct a video visit. These
barriers were more prominent in those aged ≥65 years
(Multimedia Appendix 2), with video visits having a slower
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start compared to that in some other age groups. In addition, it
took time for both members and providers to adopt this new
approach, with gradual increases in video visits occurring across
all subgroups. Given the growing familiarity with new telehealth
technologies, even as the COVID-19 pandemic wanes, patients
likely will continue to pursue telehealth services beyond
pre-COVID-19 levels.

Limitations
There are some potential limitations in this study. First, while
we studied the impact of the pandemic on health care utilization
among subpopulations, we did not address the quality of care
and population health. Second, we assessed members’
neighborhood-level income based on their address, which is
less accurate than individual-level income. Third, because
KPSC’s health plan, hospitals, and medical groups are integrated
to create a system for coordinated and comprehensive patient
care, our patients may have better access to care than the general
population. Therefore, these results may not be generalizable
to populations in less integrated health care settings. Finally,
we focused on relative change (ie, percentage change from
baseline) in utilization as part of this study, but we acknowledge
that absolute change (ie, difference from baseline) in utilization
may be of interest as well. As such, we have presented absolute
visit rates in each time period by subgroup to allow for such
comparisons to be made.

Conclusion
While the ≥65 years population had the least percentage increase
in telehealth visits, the Hispanic and low-income groups had
the greatest percentage increase in telehealth utilization, possibly
due to the low cost and flexibility of location and time. The use
of virtual care in these subgroups reduced exposure to
COVID-19, reinforced social distancing protocols, increased
the number of patients who could be treated, and potentially
mitigated the impact of COVID-19 in vulnerable populations.
Furthermore, the use of virtual care might be a promising way
to reduce health care disparities even after the COVID-19
pandemic ends.
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Telephone and video visit rates within Kaiser Permanente Southern California over time in 2020.
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Video visit rates within Kaiser Permanente Southern California over time by age, sex, race/ethnicity, and neighborhood median
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Abstract
Background: Almost 50% of the adults in the United States have hypertension. Although clinical trials indicate that home
blood pressure monitoring can be effective in managing hypertension, the reported results might not materialize in practice because
of patient adherence problems.
Objective: The aims of this study are to characterize the adherence of Medicaid patients with hypertension to daily telemonitoring,
identify the impacts of adherence reminder calls, and investigate associations with blood pressure control.
Methods: This study targeted Medicaid patients with hypertension from the state of Texas. A total of 180 days of blood pressure
and pulse data in 2016-2018 from a telemonitoring company were analyzed for mean transmission rate and mean blood pressure
change. The first 30 days of data were excluded because of startup effects. The protocols required the patients to transmit readings
by a specified time daily. Patients not transmitting their readings received an adherence reminder call to troubleshoot problems
and encourage transmission. The patients were classified into adherent and nonadherent cohorts; adherent patients were those
who transmitted data on at least 80% of the days.
Results: The mean patient age was 73.2 (SD 11.7) years. Of the 823 patients, 536 (65.1%) were women, and 660 (80.2%) were
urban residents. The adherent cohort (475/823, 57.7%) had mean transmission rates of 74.9% before the adherence reminder call
and 91.3% after the call, whereas the nonadherent cohort (348/823, 42.3%) had mean transmission rates of 39% and 58% before
and after the call, respectively. From month 1 to month 5, the transmission rates dropped by 1.9% and 10.2% for the adherent
and nonadherent cohorts, respectively. The systolic and diastolic blood pressure values improved by an average of 2.2 and 0.7
mm Hg (P<.001 and P=.004), respectively, for the adherent cohort during the study period, whereas only the systolic blood
pressure value improved by an average of 1.6 mm Hg (P=.02) for the nonadherent cohort.
Conclusions: Although we found that patients can achieve high levels of adherence, many experience adherence problems.
Although adherence reminder calls help, they may not be sufficient. Telemonitoring lowered blood pressure, as has been observed
in clinical trials. Furthermore, blood pressure control was positively associated with adherence.
(J Med Internet Res 2021;23(9):e29018) doi:10.2196/29018
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telemedicine; hypertension; Medicaid; blood pressure; pulse; telemonitoring; mobile phone
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Introduction
Background
Hypertension affects nearly half of the adults in the United
States, costs approximately US $131 billion annually, and is a
major risk factor for cardiovascular disease and stroke [1-3].
Researchers have estimated the hazard ratios of cardiovascular
events, stroke, and all-cause mortality to be 1.11-1.42, 1.28-1.40,
and 1.02-1.13, respectively, for every 10 mm Hg increase in
the ambulatory systolic blood pressure value [4]. Nonetheless,
approximately only 1 in 4 adults with hypertension have their
blood pressure under control [1].
Home blood pressure monitoring is an emerging strategy to
help control hypertension, with many medical organizations
recommending its use in diagnosis, distinguishing between
blood pressure phenotypes, and ongoing hypertension
management [5]. Several meta-analyses of published clinical
trials have found evidence that home blood pressure monitoring
can lead to clinically significant reductions in blood pressure
values when accompanied by additional support services such
as medication titration, education, and lifestyle counseling [6-9].
Although clinical trials are the gold standard, the reported results
may not materialize in practice. Physicians have concerns about
instrumentation quality, patient skills in taking readings, regular
recording and transmission of results, and adherence to a
regimen of routine measurement [7]. The 2010 and 2014 surveys
of Canadian patients at a hypertension clinic where patients
were encouraged to conduct home blood pressure monitoring
found that only 39.2% and 40.6%, respectively, reported blood
pressure more than 80% of the time [10]. Thus, poor patient
adherence to daily monitoring and reporting could significantly
undermine the positive effects observed in clinical trials.

Objectives
The aims of this study are to (1) investigate how well Texas
Medicaid patients adhere to daily blood pressure and pulse rate
monitoring when supported by a daily telemonitoring services
company, (2) determine whether an adherence reminder call
intervention improves the daily transmission rate, and (3)
investigate any association between daily adherence and blood
pressure control.
We note that insurance coverage is a requisite for daily
telemonitoring. Medicare began paying for home monitoring
in November 2018 [11], and Texas Medicaid reimburses
physician-prescribed home telemonitoring for hypertension for
60 days, with reauthorization for additional monitoring at
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physician request [12,13]. More generally, reimbursement rates
for home monitoring services vary significantly among states
and insurers and have an uncertain future [5]. Although the
temporary support for telehealth services by the Centers for
Medicare & Medicaid Services and private insurers as a result
of the coronavirus pandemic may lead to permanent changes in
the delivery of routine care [14,15], the future of home
telemonitoring coverage is unclear. In this uncertain
environment, the analysis of real-world telemonitoring
implementations is of great importance.

Methods
Monitoring Protocol
In this study, a telemonitoring company provided historical
telemonitoring data (from January 2016 to December 2018) for
Medicaid clients with hypertension in the state of Texas. The
monitoring protocol (Figure 1) required patients to be referred
by their physician. After Medicaid approval, a company
technology deployer visited the patient’s home to set up the
equipment and provide training. The equipment—Food and
Drug Administration–approved devices—consisted of a
monitoring device with Bluetooth technology and a signal
transmission unit that transferred the monitoring results to the
company’s cloud storage. No internet connection or smartphone
was required. The training protocols and materials were
developed based on American Medical Association guidelines
[16]. The patients received education on how to use the
equipment to take proper readings and were informed about the
company’s protocols for responding to the patients’ technical
or clinical needs. The patients were asked to select a daily time
by which they would check and transmit their readings. If
transmission did not occur by that time, an automated alert
prompted a company staff member to make an adherence
reminder call to the patient to troubleshoot any technical issues
and to ask the patient to check and transmit the readings. Once
the patient’s data were received, if the blood pressure reading
or pulse rate fell outside the physician-defined acceptable ranges,
an automated clinical alert was transmitted to a company nurse.
The nurse placed a clinical phone call to the patient, categorized
the extent of concern, and contacted the provider by email for
the lowest level of concern and by both email and phone call
for more severe concerns. The company provided weekly
summary reports to each provider for the enrolled patients.
Under Texas Medicaid rules, a request for reauthorization of
the telemonitoring therapy was made every 60 days when the
physician prescribed additional monitoring. Texas Medicaid
paid as much as US $1074.60 for 60 days of monitoring [12,13].
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Figure 1. Workflow processes for telemonitoring service. BP: blood pressure; CC: clinical contact; P: pulse; PCP: primary care physician.

Data and Design
The telemonitoring company provided historical telemonitoring
data for Texas Medicaid clients using their service. Only clients
with 180 days or more of home telemonitoring were included
in this study. The first 30 days were regarded as a startup period
during which the patients learned to use the equipment to
measure their vital signs. Data from the first 30 days were
excluded from this study; thus, the study period was 150 days
(months 1-5).
The number of transmissions before and after the adherence
reminder calls was recorded each day, as was the number of
adherence reminder calls made. We included all attempted
adherence reminder calls, even those that the patients did not
answer, because, in these cases, voice mail was left whenever
possible. Daily systolic and diastolic blood pressure values were
also collected to investigate improvements in blood pressure
values during the study period. The mean systolic and diastolic
blood pressure values at month 5 for each patient were
calculated and compared with those at month 1. If the blood
pressure values of the patient were missing for the entire month,
that patient was excluded from this analysis.
The patients were separated into adherent and nonadherent
cohorts; adherent patients were those who transmitted blood
pressure and pulse values on at least 120 of the 150 days (at
least 80% of the days, the same threshold used in the study by
Milot et al [10]).
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Statistical Analysis
To determine whether the patient baseline characteristics
differed by population subgroups, we used chi-square tests for
categorical variables and two-tailed t tests for continuous
variables. In addition, z tests for the equity of the two
proportions were performed to examine whether the rates of
transmission differed by population subgroups. Paired t tests
were performed to analyze the changes in blood pressure values
at month 5 by comparing them with those at month 1 for each
subgroup. Independent t tests were used to compare the changes
in blood pressure values between the population subgroups.
Analyses were conducted using SAS version 9.4 (SAS Institute).

Results
Patient Characteristics
The data of 2093 clients enrolled in hypertension telemonitoring
were provided. Of the 2093 patients, 1325 (63.31%) transmitted
data at least once, and 823 (39.32%) transmitted data throughout
a continuous 180-day period. Table 1 summarizes their
characteristics. The mean age of the participants was 73.2 (SD
11.7) years, and 65.1% (536/823) were women. All patients
included in this study were diagnosed with hypertension and
were on pharmaceutical therapy.
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Table 1. Demographics and nonalert ranges for overall, adherent, and nonadherent cohorts (N=823).
Characteristics

Patients
Overall (N=823)

Adherent (n=475)

Nonadherent (n=348)

Age (years), mean (SD)

73.2 (11.7)

73.8 (10.9)

72.3 (12.6)

Women, n (%)

536 (65.1)

301 (63.4)

235 (67.5)

Dallas

34 (4.1)

13 (2.7)

21 (6)

Houston

26 (3.2)

11 (2.3)

15 (4.3)

McAllen

648 (78.7)

368 (77.5)

280 (80.5)

San Antonio

115 (14)

83 (17.5)

32 (9.2)

Urban

660 (80.2)

360 (75.8)

300 (86.2)

Suburban or rural

163 (19.8)

115 (24.2)

48 (13.8)

Area of residencea , n (%)

Urban-rural classificationa , n (%)

Assigned nonalert range for systolic blood pressure, n (%)
Default (90-160 mm Hg)

731 (88.8)

424 (89.3)

307 (88.2)

Personalized

92 (11.2)

51 (10.7)

41 (11.8)

Assigned nonalert range for diastolic blood pressure, n (%)
Default (60-90 mmHg)

725 (88.1)

422 (88.8)

303 (87.1)

Personalized

98 (11.9)

53 (11.2)

45 (12.9)

Default (60-120 bpm)

724 (88)

421 (88.6)

303 (87.1)

Personalized

99 (12)

54 (11.4)

45 (12.9)

Assigned nonalert range for pulse, n (%)

a

P<.001. Patient characteristics differ between adherent and nonadherent cohorts.

Most of the participants (648/823, 78.7%) were from McAllen
in south Texas near the Mexican border, and most of them
(660/823, 80.2%) resided in urban areas. Of the 823 participants,
731 (88.8%), 725 (88.1%), and 724 (88%) participants had
acceptable systolic blood pressure, diastolic blood pressure, and
pulse ranges of 90-160 mm Hg, 60-90 mm Hg, and 60-120 bpm,
respectively, which were defined by their primary care
physician. The remaining 92 (11.2%), 98 (11.9%), and 99 (12%)
participants had customized acceptable values above or below
these ranges (55-200 mm Hg, 50-120 mmHg, and 50-120 bpm
for systolic blood pressure, diastolic blood pressure, and pulse
ranges, respectively). Table 1 also provides descriptive
characteristics of the adherent and nonadherent cohorts. The
characteristics across the two cohorts were similar, although
the adherent cohort had a higher proportion of suburban or rural
patients, with more of them living in south Texas (P<.001).

Adherence
Figure 2 shows the transmission rates (calculated using the
following formula: transmission rate = 100 × total number of
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patients who transmitted readings / 823 patients) over the
5-month (150-day) period. The overall mean transmission rates
across all 5 months were 59.7% before the adherence reminder
call and 77.2% after the call (P<.001). The mean transmission
rates for the first month were 61.6% and 79.1% before and after
the call, respectively. These values declined until the fifth month
when they reached 56.2% and 73.7% before and after the call,
respectively. As indicated by the orange area in Figure 2, an
average of 17.6% of the data transmissions were received after
an adherence reminder call. However, the percentage of
participants not transmitting after an adherence reminder call
increased from 15.9% in the first month to 21.5% in the fifth
month.
These aggregate findings mask large differences between the
adherent and nonadherent cohorts (Figure 3). The adherent
cohort was much more likely to transmit data without an
adherence reminder call, with an overall mean transmission rate
of 74.9% compared with only 39% for the nonadherent cohort
(P<.001). After the adherence reminder call, these values
increased to 91.3% and 58% (P<.001), respectively.
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Figure 2. Monthly transmission rates for all patients over 150 days of telemonitoring. Mean transmission rate before (after) adherence call: 59.7%
(77.2%).
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Figure 3. Monthly transmission rates for the adherent and nonadherent cohorts over 150 days of telemonitoring. Mean transmission rate before (after)
adherence call: adherent cohort, 74.9% (91.3%); nonadherent cohort, 39% (58%).

The mean transmission rates for the first month were 75.6%
before the adherence reminder call and 91.7% after the call for
the adherent cohort and 42.6% and 61.9% before and after the
call, respectively, for the nonadherent cohort. These values
fluctuated and declined until the fifth month when they reached
73% and 89.9% before and after the call, respectively, for the
adherent cohort and 33.3% and 51.7% before and after the call,
respectively, for the nonadherent cohort. On average, an
additional 16.5% and 19% transmissions were received after
an adherence reminder call from the adherent and nonadherent
cohorts, respectively (P<.001).
The percentage of participants not transmitting after an
adherence reminder call was, on average, 7.6% for the adherent
cohort and 33.6% for the nonadherent cohort. These values
increased from 6.8% in the first month to 9.4% in the fifth month

for the adherent cohort and from 28.3% in the first month to
38.1% in the fifth month for the nonadherent cohort (P<.001).
We noted that, on average, 8.4% of the nonadherent participants
who did not transmit data by the specified time failed to receive
an adherence reminder call. This value increased to 10.3% in
the fifth month of monitoring. In contrast, only 1.02% of the
adherent cohort who did not transmit data failed to receive an
adherence reminder call.
As might be expected, adherence was lowest on weekends
(Tables 2 and 3), especially on Sundays, when the transmission
rate (after the adherence reminder call) dropped to 88.4% and
46.3% for the adherent and nonadherent cohorts, respectively.
The Sunday transmission rate was also observed to decrease
over the 5-month period from 88.7% to 87.3% for the adherent
cohort and from 49.6% to 41.8% for the nonadherent cohort.

Table 2. Weekday adherence by month for the adherent cohort (N=475).
Adherence (%)
Sunday

Monday

Tuesday

Wednesday

Thursday

Friday

Saturday

Month 1

88.7

92.9

93.3

93.4

92.5

91.8

90

Month 2

87.8

92.5

92.8

92.1

92.6

92.7

90.8

Month 3

88.4

91.9

93.1

92.9

92.8

92.4

89.1

Month 4

89.6

92.9

91.8

93.4

93.1

93.1

90.5

Month 5

87.3

91.5

91

90.4

90.7

90.1

88.4

88.4 (0.8)

92.3 (0.6)

92.4 (0.9)

92.4 (1.1)

92.3 (0.8)

92 (1)

89.8 (0.9)

Month

Value, mean (SD)
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Table 3. Weekday adherence by month for the nonadherent cohort (N=348).
Adherence (%)
Sunday

Monday

Tuesday

Wednesday

Thursday

Friday

Saturday

Month 1

49.6

66.9

67.1

68.6

65.6

63

52.8

Month 2

47.9

64.9

64.2

64.9

64.9

61.8

51.7

Month 3

46.7

64.4

64.1

65.2

63.8

62.1

52.1

Month 4

45.7

60.2

61

61.6

59.9

57.7

50.1

Month 5

41.8

55

55.5

56

55.6

54.2

44

46.3 (2.6)

62.3 (4.2)

62.4 (3.9)

63.3 (4.2)

62 (3.7)

59.7 (3.3)

50.1 (3.2)

Month

Value, mean (SD)

Along with adherence to the daily protocol, the data also
indicated whether the transmissions received were in or out of
the physician-specified range. The average percentage of
transmissions in range (calculated using the following formula:
average percentage of transmissions in range = 100 × [number
of transmissions in range / total number of transmissions]) was
found to be 60.9% (SD 26%) for the adherent cohort and 53.9%
(SD 24.9%) for the nonadherent cohort. The percentage in range
increased for both cohorts over the 5-month period, indicating
that telemonitoring was effective, from 59.2% in month 1 to

62.3% in month 5 for the adherent cohort and 49.8% in month
1 to 56.7% in month 5 for the nonadherent cohort.
Finally, the data indicated that the transmission results for 2
consecutive days were related. Note that for any given day,
there were three possible outcomes: the patient did not transmit,
the patient transmitted an out-of-range reading (blood pressure
values, pulse rate, or both) or the patient transmitted an in-range
reading. We refer to these as transmission events. Frequency
analysis indicated an association between the transmission
events observed on consecutive days. This is explored in the
following sections. The percentages are listed in Table 4.

Table 4. Next day transition (N=823).
From

To (%)
Adherent cohort (n=475)

a

Nonadherent cohort (n=348)

NTa

ORTb

IRTc

NT

ORT

IRT

NT

32.9

29.3

37.8

61.7

18.5

19.8

ORT

5.6

41.6

52.7

28.9

34.8

36.3

IRT

6.3

32

61.7

29.6

28

42.5

NT: no transmission.

b

ORT: out-of-range transmission.

c

IRT: in-range transmission.

Trends in Transmission Events Between 2 Consecutive
Days
Adherence on the day after a missed transmission was far below
the overall average for both adherent (67.1% vs an average of
91.3%) and nonadherent (38.3% vs an average of 58%) cohorts.
Furthermore, the transmissions that were received the day after
a missed transmission were less likely to be in range than the
average for both cohorts. For the adherent cohort, 37.8% of the
missed transmissions were followed by in-range transmissions,
indicating that 56.3% (100 × [37.8 / 67.1]) of the transmissions
received the day after a missed transmission were in range,
whereas for the nonadherent cohort, 19.8% of the missed
transmissions were followed by in-range transmissions,
indicating that 51.6% (100 × [19.8 / 38.3]) of the transmissions
received the day after a missed transmission were in range.
Adherence and in-range transmission after out-of-range
transmission also showed similar patterns across the 2 cohorts.
For the adherent cohort, out-of-range transmissions were
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followed by 41.6% of out-of-range transmissions, 52.7% of
in-range transmissions, and only 5.6% of no transmissions the
next day. For the nonadherent cohort, out-of-range transmissions
were followed by 34.8% of out-of-range transmissions, 36.3%
of in-range transmissions, and 28.9% of no transmissions the
next day. Thus, adherence after an out-of-range day was greater
than the overall average (94.6% vs an average of 91.3% for the
adherent cohort and 71.1% vs an average of 58% for the
nonadherent cohort). Furthermore, the transmissions that were
received after an out-of-range transmission were less likely to
be in range than the overall average (55.7%—100 × [52.7 /
94.6]—vs an average of 60.9% for the adherent cohort and
51%—100 × [36.3 / 71.1]—vs an average of 53.8% for the
nonadherent cohort). It is worth noting that when an adherent
patient transmitted an out-of-range reading, the next in-range
transmission occurred within 2-3 days on average, that is, it
took 2-3 days to resolve whatever problem was causing the
out-of-range reading and for the patient to regain blood pressure
and pulse rate control. However, when a nonadherent patient
J Med Internet Res 2021 | vol. 23 | iss. 9 | e29018 | p.742
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
transmitted an out-of-range reading, the next in-range
transmission did not occur for 5-6 days on average, indicating
that nonadherent patients were likely to experience elevated
levels of blood pressure or pulse rate over a longer period.
Finally, adherence and in-range transmission after an in-range
transmission also had similar patterns across the 2 cohorts, with
better adherence and more in-range transmissions on the
following day. For the adherent cohort, in-range transmissions
were followed by 61.7% of in-range transmissions, 32% of
out-of-range transmissions, and only 6.3% of no transmissions
the next day. For the nonadherent cohort, in-range transmissions
were followed by 42.5% of in-range transmissions, 28% of
out-of-range transmissions, and 29.6% of no transmissions the
next day. Thus, adherence after an in-range day was greater
than the overall average (93.7% vs an average of 91.3% for the
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adherent cohort and 70.5% vs an average of 58% for the
nonadherent cohort). Furthermore, the transmissions that were
received after an in-range transmission were more likely to be
in-range again the next day than the overall average
(65.8%—100 × [61.7 / 93.7]—vs an average of 60.9% for the
adherent cohort and 60.3%—100 × [42.5 / 70.5]—vs an average
of 53.8% for the nonadherent cohort).

Relationship Between Daily Adherence and Blood
Pressure Control
Overall, we found that the systolic blood pressure values of the
adherent cohort improved by an average of 2.2 mm Hg (P<.001)
over 5 months, whereas those of the nonadherent cohort
improved by an average of 1.6 mm Hg (P=.02; Table 5). This
improvement in the adherent cohort was significantly higher
than that in the nonadherent cohort (P=.049).

Table 5. Systolic blood pressure changes between month 1 and month 5 (n=781).
Adherent cohort (n=475; mm Hg)

Nonadherent cohort (n=306a; mm Hg)

P valueb

133.7 (12.5)

137.9 (15.0)

N/Ac

131.4 (12.2)

136.3 (14.4)

N/A

Month 1
Value, mean (SD)
Month 5
Value, mean (SD)

Comparison between month 1 and month 5

a

Value, mean (SD)

2.2 (9.5)

1.6 (12.0)

.049

P valued

<.001

.02

N/A

A total of 42 patients were excluded because of missing data.

b

A two-tailed independent t test was performed to compare the systolic blood pressure changes between the adherent and nonadherent cohorts.

c

N/A: not applicable.

d

A two-tailed paired t test was performed to analyze the differences in systolic blood pressure values between month 1 and month 5 for each cohort.

Furthermore, of the 21 patients with an average systolic and
diastolic blood pressure reading of more than 140 and 90 mm
Hg for the first month, we found that the systolic blood pressure
of the adherent patients (7/21, 33%) improved by an average
of 14.8 mm Hg (P=.02) over 5 months, whereas that of the
nonadherent patients (14/21, 67%) improved by an average of

10.6 mm Hg over 5 months, which was not significantly
different (P=.11). The diastolic blood pressure of the adherent
patients improved by an average of 0.7 mm Hg (P=.004) over
5 months, whereas the improvement over 5 months was not
significant for nonadherent patients (0.4 mm Hg; P=.39; Table
6).

Table 6. Diastolic blood pressure changes between month 1 and month 5 (n=781).
Month

Adherent cohort (n=475; mm Hg)

Nonadherent cohort (n=306a; mm Hg)

P valueb

71.5 (7.9)

74.0 (10.0)

N/Ac

70.7 (7.9)

73.6 (9.8)

N/A

Month 1
Value, mean (SD)
Month 5
Value, mean (SD)

Comparison between month 1 and month 5

a

Value, mean (SD)

0.7 (5.6)

0.4 (7.9)

.09

P valued

.004

.39

N/A

A total of 42 patients were excluded because of missing data.

b

A two-tailed independent t test was performed to compare the diastolic blood pressure changes between the adherent and nonadherent cohorts.

c

N/A: not applicable.

d

A two-tailed paired t test was performed to analyze the differences in diastolic blood pressure between month 1 and month 5 for each cohort.
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Of the 21 patients with an average systolic and diastolic blood
pressure reading of more than 140 and 90 mm Hg for the first
month, we found that the diastolic blood pressure of adherent
patients (7/21, 33%) improved by an average of 11.0 mm Hg
(P=.02) over 5 months, whereas that of the nonadherent patients
(14/21, 67%) improved over 5 months by an average of 9.7 mm
Hg (P=.03).

Discussion
Principal Findings
This study suggests that telemonitoring for hypertension can
achieve more than 70% adherence among Medicaid clients.
Thus, most patients should be able to check and transmit their
blood pressure values and pulse rate after the initial training.
Furthermore, much higher levels of adherence (up to 90%) are
possible for most patients (475/823, 57.7% of the patients in
this study had 80% or more days of transmission) when
telemonitoring is accompanied by adherence reminder calls.
For these patients, adherence levels seemed to decline slightly
over the 5-month period.
Furthermore, many Medicaid patients are likely to have trouble
with daily adherence (348/823, 42.3% of the patients in this
study). For these patients, adherence reminder calls can be
helpful, but many daily transmissions will still be missed
(approximately 13 days per patient per month in this study).
Such patients can likely be identified within the first month of
monitoring (not including the startup period), when their
adherence rates without the adherence reminder call fall well
below 50% (42.6% in this study). Indeed, 75% (260/348) of the
patients in the nonadherent cohort in this study were not
adherent in the first month of monitoring. For these patients,
adherence rates can be expected to degrade significantly over
time (by approximately 16% over 5 months in this study). Of
the 823 patients, the 475 (57.7%) adherent patients and the 348
(42.3%) nonadherent patients together generated the need for
approximately 350 adherence reminder calls per day, a
significant workload. Regardless of the case, patients with
adherence problems clearly need more than an adherence
reminder call. Indeed, interventions that delve into health
behaviors will likely be necessary (but perhaps not sufficient)
to bring adherence levels up to 80% and beyond. The data
suggest that such interventions should be targeted to weekends
and to days after missed transmissions when the likelihood of
poor adherence is higher.
Just as additional support for better adherence to daily
monitoring is necessary, follow-up on an abnormal clinical
condition is also important. A potential benefit of daily
monitoring is that health care providers may recognize and
address emerging problems before they become urgent. When
readings are not transmitted, this opportunity may be lost. If we
assume that the percentage of out-of-range transmissions can
be applied to the days when data were not transmitted, we can
estimate the number of missed transmissions that would have
been out of range. Over 150 days of monitoring, this estimate
turned out to be 5.1 days ([1 – 0.913] × [0.391] × 150) per
patient for the adherent cohort and 29.0 days ([1 – 0.580] ×
[0.461] × 150) per patient for the nonadherent cohort. This
https://www.jmir.org/2021/9/e29018
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represents a total of 12,528 days (29.04 × 348 + [5.10 × 475])
of unmet needs for 823 patients over 150 days of monitoring
(approximately 15 days per patient). In other words, 10.2%
(12,528 / [150 × 823]) of the required follow-up was missed
because of lack of adherence (for the nonadherent cohort, this
was approximately 20%).
On a positive note, it is encouraging that 58.9% (280/475) of
the adherent patients and 54.9% (168/306) of the nonadherent
patients experienced an improvement in systolic blood pressure
values, and 52.2% (248/475) of the adherent patients and 51.6%
(158/306) of the nonadherent patients experienced an
improvement in diastolic blood pressure values. The mean
systolic blood pressure values of both cohorts improved
significantly during the study period, and these improvements
were significantly higher in the adherent cohort (P=.049). The
mean diastolic blood pressure value of the adherent cohort
declined significantly during the study period, but the decline
was not significant for the nonadherent patients. These results
are consistent with those of clinical trials in the literature. In 18
clinical trials of home telemonitoring, the average improvement
in systolic and diastolic blood pressure values was 12.1 and 6.3
mm Hg within 6 months [17-34]. Of these 18 clinical trials,
eight were restricted to patients with systolic and diastolic blood
pressure values of more than 140 and 90 mm Hg at baseline,
and the other ten trials were restricted to those with blood
pressure readings above or below these values. In our study
with patients with systolic and diastolic blood pressure values
of more than 140 and 90 mm Hg in the first month, the systolic
and diastolic blood pressure values of the adherent patients
improved by an average of 14.8 and 11.0 mm Hg, which is
higher than the average improvement observed in the 18 clinical
trials. However, for nonadherent patients with systolic and
diastolic blood pressure values of more than 140 and 90 mm
Hg in the first month, only the diastolic blood pressure value
significantly improved by an average of 9.7 mm Hg.
Finally, it is important to appreciate that achieving improved
adherence requires considerable effort. Patients must be trained
in the correct procedures to monitor their blood pressure and
pulse; staff members must monitor daily transmissions and
contact patients to encourage participation and to resolve
technical issues; and, as noted, additional interventions will be
needed for many patients. Texas Medicaid payment levels may
have been adequate for this level of intervention, but it is not
clear whether Medicare or private insurers will reimburse this
level of effort in the future. Clearly, the case for reimbursement
would be compelling if hypertension telemonitoring could be
shown to help avoid even a small number of hospitalizations
for stroke and heart disease, which can be extremely expensive.
This study included some limitations. It only examined Texas
Medicaid clients. It is not clear whether these findings are
generalizable to Medicare, privately insured, or uninsured
patients with hypertension. It is also unclear whether these
findings are generalizable to people with other chronic
conditions who would benefit from ongoing monitoring. This
study was limited to patients who were referred to the
monitoring program. The analysis would be strengthened if
there were a control group to more rigorously examine
adherence and the impact of the intervention. Finally, the
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monitoring protocol required the data to be transmitted on a
daily basis, which was more frequent than the general home
blood pressure monitoring guidelines [5]. Excessive and frequent
transmission requirements may negatively affect adherence and
persistence. In contrast, daily monitoring could help with
medication adherence and help avert emergency situations and
hospitalizations.

Park et al

Conclusions
Adherence reminder calls helped most patients with
hypertension to achieve higher levels of adherence to blood
pressure and pulse monitoring. Telemonitoring improved blood
pressure control, similar to the improvement observed in clinical
trials. Furthermore, more adherent patients achieved higher
levels of blood pressure control. However, the study suggests
that additional adherence interventions and support are needed
for many patients to achieve high levels of adherence.
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Abstract
Background: The COVID-19 pandemic has led to a rapid increase in virtual care use across the globe. Many health care systems
have responded by creating virtual care billing codes that allow physicians to see their patients over telephone or video. This
rapid liberalization of billing requirements, both in Canada and other countries, has led to concerns about potential abuse, but
empirical data are limited.
Objective: The objectives of this study were to examine whether there were substantial changes in physicians’ ambulatory visit
volumes coinciding with the liberalization of virtual care billing rules and to describe the characteristics of physicians who
significantly increased their ambulatory visit volumes during this period. We also sought to describe the relationship between
visit volume changes in 2020 and the volumes of virtual care use among individual physicians and across specialties.
Methods: We conducted a population-based, retrospective cohort study using health administrative data from the Ontario Health
Insurance Plan, which was linked to the ICES Physician Database. We identified a unique cohort of providers based on physicians’
billings and calculated the ratio of total in-person and virtual ambulatory visits over the period from January to June 2020 (virtual
predominating) relative to that over the period from January to June 2019 (in-person predominating) for each physician. Based
on these ratios, we then stratified physicians into four groups: low-, same-, high-, and very high–use physicians. We then calculated
various demographic and practice characteristics of physicians in each group.
Results: Among 28,383 eligible physicians in 2020, the mean ratio of ambulatory visits in January to June 2020:2019 was 0.99
(SD 2.53; median 0.81, IQR 0.59-1.0). Out of 28,383 physicians, only 2672 (9.4%) fell into the high-use group and only 291
(1.0%) fell into the very high–use group. High-use physicians were younger, more recent graduates, more likely female, and less
likely to be international graduates. They also had, on average, lower-volume practices. There was a significant positive correlation
between percent virtual care and the 2020:2019 ratio only in the group of physicians who maintained their practice (R=0.35,
P<.001). There was also a significant positive correlation between the 2020:2019 ratio and the percent virtual care per specialty
(R=0.59, P<.01).
Conclusions: During the early stages of the pandemic, the introduction of virtual care did not lead to significant increases in
visit volume. Our results provide reassuring evidence that relaxation of billing requirements early in the COVID-19 pandemic
in Ontario were not associated with widespread and aberrant billing behaviors. Furthermore, the strong relationship between the
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ability to maintain practice volumes and the use of virtual care suggests that the introduction of virtual care allowed for continued
access to care for patients.
(J Med Internet Res 2021;23(9):e29396) doi:10.2196/29396
KEYWORDS
telemedicine; virtual care; COVID-19; pandemic; virtual health; telehealth; ambulatory visits; physicians; patients; digital health

Introduction

the Research Ethics Board at Women’s College Hospital,
Toronto, Ontario.

The COVID-19 pandemic has led to a rapid increase in virtual
care use across the globe [1-5]. In Ontario, Canada’s largest
province, virtual care increased from 1.6% of all ambulatory
visits pre–COVID-19 to 71% during the first wave of the
COVID-19 pandemic [3], a much higher rate compared to those
reported in other countries such as the United States (30%) and
Australia (42%) [4,6,7].

We identified a unique cohort of providers based on physicians’
billings for in-person and virtual ambulatory visits. We excluded
visits for non-Ontario residents and those with an invalid or
missing health card number. We also excluded all physicians
with clinical volumes that were inconsistent with an active
practice during the pre–COVID-19 period (<10 ambulatory
visits during the period from January to June 2019).

While Ontario had pre-existing virtual care billing codes before
the onset of the pandemic, these codes were allowable for a
single government-run online platform and only available to
specialists and primary care physicians in rostered patient
practices or specialized practices. Primary care physicians
outside of rostered practices were not included in this model,
in order to support continuity of care [8] and respond to growing
concerns about fragmentation and poor quality of care received
in virtual walk-in clinics as well as funding disruptions in
Canada [9] and abroad [10].

We then calculated the ratio of total in-person and virtual
ambulatory visits over the period from January to June 2020
(virtual predominating) relative to that over the period from
January to June 2019 (in-person predominating) for each
physician. We included first-quarter data in 2020 as they cover
the beginning of the pandemic. Data extending past the second
quarter of 2020 were unavailable. Based on these ratios, we
then stratified physicians into four groups: (1) low-use
physicians had ratios from 0 to 0.50 (ie, a 50% or greater
reduction in visits in 2020 compared to 2019), (2) same-use
physicians were those with ratios over 0.50 but less than 1.25,
(3) high-use physicians were those with ratios of at least 1.25
but less than 6.0, and (4) very high–use physicians were those
with ratios equal to or greater than 6.0 (ie, an at-least 6-fold
increase in visits in 2020 compared to 2019). To explore whether
the proportions of physicians falling into each category differed
much from previous years, we also calculated the number of
physicians falling into each group—defined as the same ratio
ranges—for the periods of January to June 2019 relative to
January to June 2018.

In Ontario, the pandemic led to the introduction of temporary
billing codes in mid-March 2020 that reimbursed any physician
with identical amounts for in-person, video, or telephone visits
and eliminated prior restrictions on practice type or allowable
technology platforms. This rapid liberalization of billing
requirements, both in Canada and other countries [4], has led
to concerns about potential abuse, but empirical data are limited
[11].
The objectives of this study were to examine whether there were
substantial changes in physicians’ ambulatory visit volumes
coinciding with the liberalization of virtual care billing rules
and to describe the characteristics of physicians who
significantly increased their ambulatory visit volumes during
this period. We also sought to describe the relationship between
visit volume changes in 2020 and the volumes of virtual care
use in individual physicians and across specialties.

Methods
We conducted a population-based, retrospective cohort study
using health administrative data from the Ontario Health
Insurance Plan, which was linked to the ICES Physician
Database. Data sets were linked using unique encoded identifiers
and analyzed at ICES, an independent, nonprofit research
institute. Use of these databases for the purposes of this study
was authorized under §45 of Ontario’s Personal Health
Information Protection Act, which does not require review by
a research ethics board. An exemption letter was obtained by
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For all physicians, we also obtained demographic and practice
characteristics, including, age, sex, years since graduation,
training location, practice type (ie, specialist, family practice,
or focused family practice physicians focusing 50% or more of
their practice in a specific type of care, such as psychotherapy
[12]), and specialty. We also calculated the number of unique
patients seen, number of total visits, number of virtual visits,
and number of visits per day, virtual or any.

Results
Among 28,383 eligible physicians in 2020, the mean ratio of
ambulatory visits in January to June 2020:2019 was 0.99 (SD
2.53; median 0.81, IQR 0.59-1.0). Only 291 physicians (1.0%)
were very high users, 2672 physicians (9.4%) were high users,
and 5422 (19.1%) were low users (Figure 1). In comparison,
the previous year (2019:2018 visit ratio), among 27,709 eligible
physicians, 289 (1.0%) were very high users, 3395 (12.3%)
were high users, and 2937 (10.6%) were low users.
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Figure 1. Histogram showing the total number of physicians by ambulatory visit volume ratio (2020:2019). Proportions of <1 indicate fewer visits in
the period of January to June 2020 when compared to January to June 2019, while a proportion of >1 suggested increased visits in the period of January
to June 2020. Note, the last bin in orange represents anybody with a ratio over 5.93, representing the top 1%.

High-use physicians were younger, more recent graduates, more
likely to be female, and less likely to be international graduates
than those who maintained their volumes (ie, same-use group)
(P<.001) (Table 1). These effects were even more pronounced
in the very high–use group. They were also more likely to be
specialists than primary care providers (P<.001), and physicians
in focused primary care practices were more likely to be high
or very high users relative to specialists (P<.001).
Physicians in the two high-use groups had, on average,
lower-volume practices in both 2020 and 2019 (P<.001), and
volumes were especially smaller in 2019 with fewer patients
seen (P<.001). The effect was larger for the very high users
(P<.001). Providers in the two high-use groups had fewer visits
per billing day and fewer total patients seen in 2020 (P<.001),
but they had a higher percentage of virtual care visits (P<.001)
and a similar number of virtual care visits per day compared to
the same-use group (Table 1).

medicine (41/230, 17.8%), psychiatry (378/2061, 18.3%), and
internal medicine (147/999, 14.7%). The same specialties were
common among the very high–use group (Table 2).
Pearson correlations between the 2020:2019 visit ratio and
percent of visits completed virtually showed a significant
positive correlation only among physicians from the same-use
group (R=0.35, P<.001) (Figure 2).
Finally, we also calculated the Pearson correlation coefficient
between the average 2020:2019 ratio per specialty and the
percent virtual care used per specialty. We excluded emergency
medicine, diagnostic radiology, and nuclear medicine, as they
were outliers and had both the highest 2020:2019 visit ratios
(1.6, 1.3, and 2.9, respectively) and the lowest percentages of
virtual care (12.4%, 1.5%, and 8.2%, respectively). There was
a significant positive correlation between the 2020:2019 ratio
and the percent virtual care across specialties (R=0.59, P<.01)
(Figure 3).

Specialties with a large percentage of their total physician
population being in the high-use group included emergency
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Table 1. Physician characteristics stratified by ratio of ambulatory visits in January to June 2020:2019.
Characteristic

Physicians
All (N=28,383)

P value
Low use:

Same use:

High use:

Very high use:
≥6.0 visits

(n=5422)

>0.50 to <1.25 visits 1.25 to <6.0 visitsb
(n=19,998)
(n=2672)

0 to 0.50 visits

a

(n=291)

Age (years), mean (SD)

53.9 (11.2)

56.1 (12.6)

53.7 (10.8)

51.9 (11.24)

49.2 (11.5)

<.001

Years since graduation, mean (SD)

25.1 (13.3)

26.7 (15.5)

25.4 (12.5)

20.5 (12.60)

15.8 (11.7)

<.001

Sex (female), n (%)

11,864 (41.8)

2287 (42.5)

8116 (40.6)

1268 (48.4)

148 (55.4)

<.001

Canadian or internationally trained
(Canadian trained), n (%)

16,218 (76.4)

2928 (77.2)

11,912 (75.7)

1282 (81.6)

96 (83.5)

<.001

Number of unique patients seen in 2019 (January to June)
Mean (SD)

729.2 (795.0)

496.53 (675.0)

858.28 (828.8)

308.81 (433.4)

55.46 (60.5)

<.001

Median (IQR)

539 (163-999)

257 (75-689)

691 (295-1129)

153 (50-402)

35 (17-72)

<.001

Number of unique patients seen in 2020 (January to June)
Mean (SD)

556.7 (618.1)

155.2 (297.0)

684.5 (639.5)

428.0 (577.4)

439.3 (408.9)

<.001

Median (IQR)

408 (100-789)

35 (0-183)

559 (241-910)

236 (81-567)

347 (133-590)

<.001

Percent virtual care visits in 2020 (January to June)
Mean (SD)

31.9 (22.7)

14.95 (24.3)

34.03 (20.0)

40.3 (26.2)

42.3 (28.6)

<.001

Median (IQR)

34 (11-49)

0 (0-22)

37 (19-49)

44 (18-60)

42 (21-61)

<.001

Number of virtual care visits in 2020 (January to June)
Mean (SD)

400.7 (571.0)

52.1 (139.5)

471.3 (570.6)

411.9 (771.3)

294.8 (315.1)

<.001

Median (IQR)

231 (30-551)

1 (0-37)

324 (98-639)

199 (32-494)

205 (70-432)

<.001

Number of total visits in 2020 (January to June)
Mean (SD)

1101.2 (1228.9)

292.2 (484.9)

1300.0 (1257.7)

877.9 (1293.1)

738.0 (655.7)

<.001

Median (IQR)

780 (240-1503)

108 (23-370)

1004 (454-1715)

495 (151-1105)

538 (274-976)

<.001

Number of total visits in 2019 (January to June)
Mean (SD)

1304.8 (1420.4)

800.5 (1103.6)

1561.5 (1483.3)

541.4 (855.9)

66.1 (73.7)

<.001

Median (IQR)

934 (286-1799)

392 (101-1128)

1212 (539-2078)

267 (74-658)

43 (20-84)

<.001

Number of visits per billing day in 2020 (January to June)
Mean (SD)

12.1 (9.5)

8.1 (8.3)

13.2 (9.5)

9.7 (9.8)

10.2 (7.3)

<.001

Median (IQR)

9 (5-15)

5 (2-10)

11 (6-16)

7 (3-12)

7 (4-12)

<.001

Number of virtual visits per billing day in 2020 (January to June)
Mean (SD)

8.6 (6.7)

5.0 (5.2)

9.1 (6.5)

8.1 (7.6)

7.4 (5.4)

<.001

Median (IQR)

7 (4-11)

3 (2-6)

7 (4-11)

6 (3-10)

6 (3-9)

<.001

Specialist

15,201 (53.6)

3058 (56.4)

10,419 (52.1)

1590 (59.5)

134 (46.0)

<.001

Primary care provider

9393 (33.1)

1366 (25.2)

7560 (37.8)

436 (16.3)

31 (10.7)

N/Ac

Focused primary care providerd 426 (1.5)

120 (2.2)

190 (1.0)

97 (3.6)

19 (6.5)

N/A

Miscellaneous

878 (13.1)

1829 (27.2)

549 (8.2)

107 (1.6)

N/A

Practice type, n (%)

a

3363 (50.0)

Visits of 0 to 0.50 correspond to physicians who had a 50% or greater reduction in ambulatory visits between 2019 and 2020.

b

Visits of 1.25 to <6 correspond to physicians who had a 25% 6-fold increase in visits between 2019 and 2020.

c

N/A: not applicable; a single test was conducted across all four groups in this section and the P value is reported in the row for the first group.

d

Focused primary care providers are primary care providers who specialize in a specific care (eg, palliative care).
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Table 2. Physicians per specialty across each user group.
Specialty

Low use:

Same use:

High use:

Very high use:

0 to 0.5, n (%)

>0.5 to <1.25, n (%)

1.25 to <6.0, n (%)

≥6.0, n (%)

2366 (17.9)

9715 (73.4)

1042 (7.9)

121 (0.9)

Emergency medicine (n=230)

57 (24.8)

126 (54.8)

41 (17.8)

6 (2.6)

Internal medicine (n=999)

233 (23.3)

604 (60.5)

147 (14.7)

15 (1.5)

Infectious diseases (n=148)

27 (18.2)

101 (68.2)

20 (13.5)

0 (0)

Critical care (n=99)

29 (29.3)

53 (53.5)

13 (13.1)

≤5 (≤5.1)

Endocrinology (n=269)

18 (6.7)

215 (79.9)

34 (12.6)

≤5 (≤1.9)

Nuclear medicine (n=48)

15 (31.3)

24 (50.0)

6 (12.5)

≤5 (≤10.4)

Hematology (n=217)

23 (10.6)

164 (75.6)

27 (12.4)

≤5 (≤2.3)

Cardiology (n=684)

77 (11.3)

527 (77.0)

78 (11.4)

≤5 (≤0.7)

Respirology (n=308)

32 (10.4)

237 (76.9)

35 (11.4)

≤5 (≤1.6)

Geriatric medicine (n=152)

29 (19.1)

105 (69.1)

16 (10.5)

≤5 (≤3.3)

Rheumatology (n=213)

19 (8.9)

172 (80.8)

22 (10.3)

0 (0)

Anesthesiology (n=1179)

480 (40.7)

597 (50.6)

101 (8.6)

≤5 (≤0.4)

Nephrology (n=242)

23 (9.5)

198 (81.8)

20 (8.3)

≤5 (≤2.1)

Clinical immunology (n=84)

22 (26.2)

56 (66.7)

6 (7.1)

0 (0)

Gastroenterology (n=345)

39 (11.3)

281 (81.4)

24 (7.0)

≤5 (≤1.4)

Obstetrics and gynecology (n=808)

98 (12.1)

659 (81.6)

45 (5.6)

6 (0.7)

Psychiatry (n=2061)

328 (15.9)

1326 (64.3)

378 (18.3)

29 (1.4)

Diagnostic radiology (n=624)

179 (28.7)

355 (56.9)

84 (13.5)

6 (1.0)

Medical oncology (n=269)

34 (12.6)

200 (74.3)

35 (13.0)

0 (0)

Pediatrics (n=1487)

395 (26.6)

938 (63.1)

146 (9.8)

8 (0.5)

Radiation oncology (n=211)

14 (6.6)

178 (84.4)

19 (9.0)

0 (0)

Neurology (n=410)

53 (12.9)

321 (78.3)

33 (8.0)

≤5 (≤1.2)

Physical medicine and rehabilitation
(n=211)

48 (22.7)

146 (69.2)

16 (7.6)

≤5 (≤2.4)

Dermatology (n=236)

52 (22.0)

173 (73.3)

11 (4.7)

0 (0)

Surgery (n=2868)

536 (18.7)

2212 (77.1)

104 (3.6)

16 (0.6)

Remaining smaller specialties (n=384)

91 (23.7)

246 (64.1)

43 (11.2)

4 (1.0)

Miscellaneous (n=353)

105 (29.7)

69 (19.5)

126 (35.7)

53 (15.0)

Family medicine (n=13,244)
Medicine

Other specialties
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Figure 2. Correlation between the 2020:2019 visit ratio and percent virtual care in the four groups of providers: those who reduced (0 to 0.50), maintained
(>0.5 to <1.25), increased (1.25 to <6), and significantly increased (≥6) their practice in 2020 relative to 2019.

Figure 3. Correlation between the 2020:2019 visit ratio and virtual care adoption across specialties. The size of each sphere indicates the number of
visits completed.
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Discussion
During the early stages of the pandemic, the introduction of
virtual care did not lead to significant increases in visit volume.
Only about 10% of physicians increased their visit volumes by
25% or more in 2020 relative to 2019. In total, our results
provide reassuring evidence that relaxation of billing
requirements early in the COVID-19 pandemic in Ontario were
not associated with widespread and aberrant billing behaviors.
Providers who increased their visit volumes tended to be
specialists, younger, more recent graduates, and more likely
female. Among providers who increased their practice volumes,
there was no relationship between the magnitude of increase
and virtual care adoption. A significant relationship was
observed, however, among providers who maintained their
practice. This relationship was also maintained at the specialty
level. Endocrinology, respirology, and psychiatry maintained
their practices the best and had higher rates of virtual care
adoption.
Our results are consistent with data from the United States that
showed that despite the introduction of virtual care, overall visit
volumes decreased in the early periods of the COVID-19
pandemic [6]. In fact, the introduction of virtual care during the
pandemic allowed physicians to maintain their practices. Higher
rates of virtual care use among providers who maintained their
practice volumes were associated with better maintenance of
visit volumes during the pandemic. This trend was also observed

Stamenova et al
in the United States [6]. Here, we confirm these findings with
an analysis of the entire physician and patient population in a
health care system with a single insurance plan where the
introduction of virtual care payment policies occurred at the
same time for the entire population.
At least two specialties that showed high virtual care adoption
rates and good maintenance of visit volumes during the
pandemic were consistent in both Ontario and the United States
[6]: psychiatry and endocrinology. Mental health care has the
potential to be better suited for virtual care as it often does not
require a physical exam and it has been successful in adopting
virtual care services both before [13] and after the pandemic
[14]. Successful adoption in endocrinology during the pandemic
has also been reported [15].
Limitations to our study include a relatively brief time window
for evaluating the impact of billing code liberalization, which
makes it unclear whether the trends will be maintained in the
long term. Our reliance on administrative data also precludes
us from robustly evaluating appropriateness of individual visits.
In total, our study suggests that liberalization of virtual care
billing requirements coinciding with the COVID-19 pandemic
was not associated with an alarming increase in individual
physician visit volumes and should serve to assuage concerns
over widespread fraud. Furthermore, the strong relationship
between the ability to maintain practice volumes and the use of
virtual care suggest that the introduction of virtual care allowed
continued access to care for patients.
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Abstract
Internet hospitals, as a new forum for doctors to conduct diagnosis and treatment activities based on the internet, are emerging
in China and have become integral to the development of the medical field in conjunction with increasing reforms and policies
in China’s medical and health system. Here, we take the Internet Hospital of the First Affiliated Hospital, Zhejiang University
(FAHZU Internet Hospital) as an example to discuss the operations and functional positioning of developing internet hospital
medical services in relation to physical hospitals. This viewpoint considers the platform operation, management, and network
security of FAHZU Internet Hospital, and summarizes the advantages and limitations in the operation to provide a reference for
other areas with interest in developing internet hospitals.
(J Med Internet Res 2021;23(9):e18307) doi:10.2196/18307
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Introduction
Internet hospitals are emerging in China as a new way for
doctors to perform health care services and education by using
telecommunications technology. Internet hospitals are similar
to telemedicine, meaning that doctors who are registered in
internet hospitals can conduct diagnosis and treatment activities
on the internet, and provide subsequent visiting services such
as online consultation, prescribing, and dispensing for patients
diagnosed with common or chronic diseases in offline hospitals.
Family physician services are also provided [1-3]. Internet
hospitals are virtual hospitals that are initiated by the
government, hospitals, or companies. Internet hospitals initiated
by hospitals are equipped with a complete medical team of
doctors, nurses, pharmacists, and managers, and patients can
https://www.jmir.org/2021/9/e18307
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also receive examinations at offline hospitals. The scope of
medical insurance is the same as that of offline hospitals, and
the medical experience is very similar to that of physical
hospitals [4].
The Chinese government issued the “Opinion on Actively
Pushing Forward the Development of ‘Internet+’ Action” in
July 2015, which clearly encouraged the development of internet
hospitals as part of the “Health China” strategy [5]. In 2018,
the “Opinion on Promoting the Development of ‘Internet+’
Healthcare,” “Administration Regulations on Internet Diagnoses
and Treatments (Trial),” “Administration Regulations on Internet
Hospitals (Trial),” and “Administration Specifications for
Telemedicine Services (Trial)” were successively issued to
propose specific requirements for operating and supervising the
diagnosis and treatment activities performed by internet hospitals
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[6]. The government, hospitals, and enterprises in China are
enthusiastic about building internet hospitals. The first internet
hospital was founded at the end of 2014. As of May 2019, 158
internet hospitals were subordinate to various medical
institutions in China [7,8].
Telemedicine models of care, in which doctors working in
hospitals provide medical care over the internet using approved
telehealth platforms, are used by many countries, but they differ

with respect to the details of their operation. A selection of
representative telehealth platform service providers from
different countries is provided in Table 1 for comparison [9-12].
During the COVID-19 pandemic, many countries in addition
to China have expanded the scope of diagnosis and treatment,
including newly diagnosed patients, and expanded the medical
insurance reimbursement limit. However, it is not clear whether
this will become a long-term policy [9,13,14].

Table 1. Comparison of operation modes of main telemedicine operators in different countries.

a

Operator

Insurance coverage
Additional royalty
(compared with offline)

Involved diseasesa

Country

Platform

China

FAHZUb Internet Hospital Hospital

Consistent

Partlyc

Follow-up after diagnosis of
common or chronic diseases

United Kingdom

NHSd App

Public body

Consistent

No

Determined by the GPe practice

United States

American Well

Company

Inconsistent

Yes

Acute and chronic conditions,
consultations regarding prevention and wellness services

Japan

CLINICS

Company

Consistent

Yes

Follow-up after diagnosis of
chronic diseases

During the COVID-19 epidemic, all countries except China expanded the scope of diagnosis and treatment, including the initial diagnosis of patients.

b

First Affiliated Hospital, Zhejiang University.

c

There is an extra charge for the expert clinic and image-text consultation clinic.

d

NHS: National Health Service.

e

GP: general practitioner.

As one of the top hospitals in China, the First Affiliated Hospital
of Zhejiang University School of Medicine founded the first
large-scale internet hospital in China in February 2016 (FAHZU
Internet Hospital), and is representative of this type of hospital
in China [15,16]. After 4 years of operation, more than 75,000
patients have received health care services via the internet
hospital, leading to a wealth of experience in operating and
managing this internet hospital [17,18]. Therefore, this paper
aims to describe how an internet hospital in China is run from
the perspectives of the service standards, treatment process,
charges, platform operation, and management of FAHZU
Internet Hospital.

Background
FAHZU Internet Hospital is coordinated by the Internet Hospital
Office, which is subordinate to the medical department of the
offline hospital with hospital leaders as the primary individuals
in charge of the project. The normal operation of the internet
hospital is jointly supported by the Information Center, Nursing
Department, Quality Management Department, Finance
Department, Pharmaceutical Department, Promotion Center,
and various inspection departments. In addition, corresponding
support in internet technology, logistics, and distribution is
offered through cooperation with third-party companies
specializing in the internet and medicine. An internet hospital
monitoring platform was constructed by the Zhejiang Province
Health and Family Planning Commission at the beginning of
2019 to perform online/offline integrated monitoring of internet
hospitals, and to ensure the safety and quality of the remote
medical service.
https://www.jmir.org/2021/9/e18307
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FAHZU Internet Hospital provides subsequent visiting services
for some patients with common and chronic diseases who
receive a diagnosis in offline hospitals. The hospital can also
guide patients who have severe illnesses that are not suitable
for online consultation to the offline hospital for inspection,
diagnosis, and treatment. Both patients and doctors can complete
online inquiry diagnoses through their mobile phones or
computers. Insurance also offers some types of coverage for
internet hospitals.

Health Care Services
Various health services are provided in the internet hospital
(Figure 1). Doctors provide patients with online services that
include general clinics and expert clinics through face-to-face
communication or image-text consultation with patients via
remote video systems. With the same clinic hours as the offline
hospital, doctors are uniformly assigned to be available at the
web-based clinic by the responsible department. Patients register
in real time and queue for service. The departments are
dominated by common chronic diseases and consultation
specialties (Table 2). The expert clinic and image-text
consultation clinic are voluntarily administered by senior doctors
who have worked independently for more than 3 years and are
not limited by their specialties. The training is completed by
the Internet Hospital Office. Doctors use their time outside work
to provide medical services, and patients can choose the doctor
they prefer. It is worth noting that no prescriptions are issued
in the image-text consultation clinic since no defined diagnosis
is made given the diagnosis limitation, and the charges for the
services of the expert clinic and the image-text consultation
clinic are priced independently by doctors. Although the clinic
J Med Internet Res 2021 | vol. 23 | iss. 9 | e18307 | p.757
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at the patient’s expense, the treatment charges are still covered
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by insurance.

Figure 1. Various medical services provided in the internet hospital.

Table 2. General clinic departments associated with the internet hospital.
Departments

Scope of services

Common chronic diseases departmentsa

Provide follow-up management services and health guidance, adjust and prescribe drugs, prescribe examinations, provide services for patients with common and chronic diseases

Health management

Provides health management guidance for healthy people and interpretation of routine physical examination reports

Pharmacy

Provides an online medication guide for patients

Nursing specialties consultation

Provides nursing consultation such as wound and stoma nursing for discharged patients and people with
mobility difficulties, as well as nursing guidance for pregnant women, mothers, and babies

Fever clinicb

Screens out suspected COVID-19 patients and guides them to the hospital for diagnosis and treatment;
patients who are judged to be infected with ordinary viruses are instructed on care at home

a

Including the Departments of General Practice, Hepatitis Center, Gastroenterology, Cardiology, Endocrinology and Metabolism, Respiratory Medicine,
Kidney Disease Center, Neurology, Rheumatology, Pediatrics, Mental Health, and Geriatrics.
b

Only set up during the COVID-19 pandemic [19].

When a patient uses internet hospital services, they first
download the app “Online FAHZU” via a mobile phone or log
in to the official website of the First Affiliated Hospital,
Zhejiang University via a PC to access the web-based clinic.
The patient then selects the consultation department, expert,
time, and purpose of consultation; fills in the medical record;
and uploads relevant information. After payment via Alipay,
patients wait for the doctor’s video invitation. After the video
https://www.jmir.org/2021/9/e18307
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diagnosis is complete, patients can also check the diagnosis
record and evaluate the service. If there is a drug prescription,
the drugs are delivered to the patient’s home by express delivery
or can be obtained by the patient in the hospital. If a laboratory
or imaging examination is needed, patients go to the hospital
for the tests within the time determined by the responsible
personnel of the internet hospital via a text message. If
hospitalization is required, patients can come to the hospital for
J Med Internet Res 2021 | vol. 23 | iss. 9 | e18307 | p.758
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the admission procedure at the time determined by the
responsible personnel of the internet hospital via a text message
(Figure 2).
Doctors can set their available times for the web-based clinic
in their spare time upon obtaining permission to conduct
web-based clinics. Doctors access the web-based diagnosis
clinic in the physician version of the “Online FAHZU” app or
log in to the official website of The First Affiliated Hospital,

Zhi et al
Zhejiang University to access the web-based clinic. After
checking the patient’s basic information and medical records,
the doctor launches a video call with the patient. After the
diagnosis, the doctor completes the diagnosis and writes down
notes in the medical record. The doctor can also issue online
applications for drugs, inspections, and hospitalizations. The
diagnosis can be completed after the doctor previews the medical
advice. If the prescription is not approved by the pharmacist, it
can be revised for approval (Figure 3).

Figure 2. Flowchart of web-based clinic medical services for patients.

https://www.jmir.org/2021/9/e18307

XSL• FO
RenderX

J Med Internet Res 2021 | vol. 23 | iss. 9 | e18307 | p.759
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Zhi et al

Figure 3. Flowchart of web-based clinic medical services for doctors.

Online Appointments
Unlike other web-based communication platforms that merely
provide consultation services, patients of FAHZU Internet
Hospital can come to the offline hospital for inspection with an
inspection sheet opened by the internet hospital at the inspection
time provided via text message by the responsible internet
hospital personnel. If the patient is identified for hospitalization
while visiting the internet hospital, the physician issues a
hospitalization certificate. The patient is admitted to the
hospitalization appointment process to await notification from
the hospital.

Patient Follow-Up
A discharge follow-up center is subordinate to the internet
hospital. The responsible nurse of the ward calls the discharged
patient for follow-up inquiry. Any patients who require
subsequent visits and inspection appointments are connected
to the internet hospital and reexamined by a corresponding
physician.

Telemedicine
The internet hospital has remote cooperation with 206
county-level hospitals, 322 community service centers, and 64
pharmacies in China to provide teleconsultation and referral
services.
https://www.jmir.org/2021/9/e18307
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Routine Operation and Management
Full-time staff in the Internet Hospital Office are responsible
for the management and routine operation of the internet hospital
led by the director of the hospital’s medical department. After
receiving doctors’ applications to initiate a web-based clinic,
the Internet Hospital Office takes charge of initiating the clinic
for candidates after they are trained and qualified in maintaining
personal information, authority management, and evaluation
performance for doctors engaging in the web-based clinic. In
addition to maintaining and ensuring the normal operation of
the internet hospital’s web-based clinic, the platform status,
patients’ registered information, diagnosis, drug prescription
auditing status, distribution information, timely appointment
check, and notification to patients via text message,
physician-patient phone consultations are monitored through
the backstage operation. The information department, pharmacy
department, various inspection departments, medical insurance
office, outpatient office, and departments that are closely related
to the operation of the internet hospital should be well
coordinated with staff cooperation. The hospital staff should
also work together with the quality management office of the
hospital to formulate related management systems, service
processes, emergency plans, and job responsibilities by referring
to administration regulations and specifications issued by the
government for the internet hospital. All text messages, informed
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consent forms, FAQs, and similar files should be prepared in
accordance with work requirements. All of these processes
should be constantly optimized as per actual situations at work.
After inquiring about patients’ and doctors’ use experience of
the internet hospital, related departments should address the
items to be improved in a timely manner to enhance the
diagnosis and treatment processes by continuously optimizing
the system and related functions.

Data Management
Statistics are compiled monthly on online outpatient visits,
including basic information of patients, department distribution,
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visiting purposes, drug prescription and distribution ratio,
prescription inspection and the completion ratio of inspections,
and patent satisfaction. Based on these data, the internet hospital
can be continuously improved. Figure 4 shows the number of
patients that received services from the internet hospital from
October 2019 to September 2020. From January to April 2020,
due to the COVID-19 epidemic, the number of patients using
the internet hospital soared. Since then, the epidemic in China
has been stable, and most patients have returned to offline
treatment; however, the overall number has increased (Figure
4).

Figure 4. Number of patients in internet hospitals in the past year.

Publicity and Promotion
The internet hospital is promoted in a variety of ways. For
example, an internet hospital experience center is established
in the offline hospital clinic brochures about the internet hospital
and doctors’ business cards are distributed by staff, plastic bags
designed to promote the internet hospital are placed in the
pharmacy, and holders for medical records with slogans are put
in the outpatient reception area.

Visit Reception and Experience Sharing
Since its foundation, FAHZU Internet Hospital has shared its
working methods and operational experiences with more than
1000 medical institutions worldwide. The FAHZU Internet
Hospital team also provided reference opinions for the
Administration Regulations on Internet Hospitals issued by the
Chinese government in 2018.
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Ensuring Network Security
In accordance with the “Guidance on Classified Protection of
Information Security in the Health Industry,” “Basic
Requirements for Hierarchical Protection of Information
Security Technology Information Systems,” and “Technical
Solutions for the Construction of Hospital Information Platforms
Based on Electronic Medical Records” of the National Health
Commission of China, we have made efforts to develop a
technical system that meets the requirements for physical
security, network security, host security, app security, and data
security. The management system is constructed according to
five basic technical requirements: a security management
system, security management organization, personnel safety
management, system construction management, and system
operation and maintenance management (Figure 5).
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Figure 5. Safety management and standards.

Overview and Prospects
Since medical services and resources are clustered in large cities,
it is difficult for patients in remote areas to access medical
resources in large hospitals due to the limitations of economics,
distance, and time [20-22]. In addition, it is inconvenient for
patients with chronic diseases who live in cities to frequently
visit offline hospitals for inspection and drugs (on a regular
basis of 15 days or 1 month in China and every 3 months in
some cases). Developing internet hospitals might be a good
choice to address this dilemma. Patients can obtain quick access
to better medical resources through web-based diagnosis and
treatment without wasting transportation expenses and time
waiting. In a health emergency such as the COVID-19 pandemic,
internet hospitals can soothe people’s panic, screen out suspected
patients, and avoid unnecessary gatherings of patients, which
is a good way to supplement offline medical treatment [23]. A
summary analysis of the effectiveness of China’s internet
hospitals found that internet hospitals can ease the difficulty of
seeking medical care for patients in remote areas, facilitate
patients’ communication with doctors in a timely manner, and
enable refined tracking of chronic diseases and postoperative
patients, thereby improving the effectiveness of patients seeking
medical care. At the same time, the convenient medical service
experience leads to high patient satisfaction [24,25].
Of course, internet hospitals also have some limitations. First,
medical treatment requires practical operations. The network
cannot perform physical examinations on patients. Laboratory
and imaging examinations also need to be completed offline.
Incomplete online medical procedures may affect the accuracy
of doctors’ judgments. Second, it is difficult for elderly patients
who are not experienced with electronic equipment to see a
https://www.jmir.org/2021/9/e18307
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doctor in this way. Third, limited by the hospital’s own influence
and the influence of the majority of people who prefer the
traditional mode, the number of patients in internet hospitals
operated by offline hospitals is not growing rapidly.
FAHZU Internet Hospital is independently operated by a large
hospital. Doctors, nurses, and management staff, who are the
same as those in offline hospitals, can complete tasks that are
difficult to complete on third-party platforms, including
appointments for examinations and hospitalizations, making
the patient treatment process smoother and more complete while
controlling patient privacy and data security. However, we also
identified some problems in our operations. First, although the
patients who visited the clinic provided personal information,
including medical insurance information, we were unable to
verify whether they actually held this insurance. We should
consider adding authentication methods such as face recognition
and optical character recognition identification. Second, there
is no standard consultation network process, which makes it
difficult to guarantee the homogeneity of the work. Third, the
relevant laws are not perfect, and there is no legal basis for many
issues. Finally, although we train the doctors on how to protect
the privacy of patients before they start their work, and the
hospital has built an isolated internet hospital outpatient studio
for doctors to provide online service during working hours, we
cannot guarantee whether a doctor adequately protects the
privacy of patients when providing online services outside of
work.
Currently, internet hospitals are experiencing rapid growth in
China owing to the strong support of the government. Since the
First Affiliated Hospital, Zhejiang University has formed a
mature operation and management system for FAHZU Internet
J Med Internet Res 2021 | vol. 23 | iss. 9 | e18307 | p.762
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long operating history, it is expected that our experience can
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provide a theoretical reference for other areas with interest in
developing internet hospitals.
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Abstract
Background: Using technology to reduce the pressure on the National Health Service (NHS) in England and Wales is a key
government target, and the NHS Long-Term Plan outlines a strategy for digitally enabled outpatient care to become mainstream
by 2024. In 2020, the COVID-19 response saw the widespread introduction of remote consultations for patient follow-up, regardless
of individual preferences. Despite this rapid change, there may be enduring barriers to the effective implementation of remote
appointments into routine practice once the unique drivers for change during the COVID-19 pandemic no longer apply, to which
pre-COVID implementation studies can offer important insights.
Objective: This study aims to evaluate the feasibility of using real-time remote consultations between patients and secondary
care physicians for routine patient follow-up at a large hospital in the United Kingdom and to assess whether patient satisfaction
differs between intervention and usual care patients.
Methods: Clinically stable liver transplant patients were randomized to real-time remote consultations in which their hospital
physician used secure videoconferencing software (intervention) or standard face-to-face appointments (usual care). Participants
were asked to complete postappointment questionnaires over 12 months. Data were analyzed on an intention-to-treat basis. The
primary outcome was the difference in scores between baseline and study end by patient group for the three domains of patient
satisfaction (assessed using the Visit-Specific Satisfaction Instrument). An embedded qualitative process evaluation used interviews
to assess patient and staff experiences.
Results: Of the 54 patients who were randomized, 29 (54%) received remote consultations, and 25 (46%) received usual care
(recruitment rate: 54/203, 26.6%). The crossover between study arms was high (13/29, 45%). A total of 129 appointments were
completed, with 63.6% (82/129) of the questionnaires being returned. Patient satisfaction at 12 months increased in both the
intervention (25 points) and usual care (14 points) groups. The within-group analysis showed that the increases were significant
for both intervention (P<.001) and usual care (P=.02) patients; however, the between-group difference was not significant after
controlling for baseline scores (P=.10). The qualitative process evaluation showed that—according to patients—remote consultations
saved time and money, were less burdensome, and caused fewer negative impacts on health. Technical problems with the software
were common, and only 17% (5/29) of patients received all appointments over video. Both consultants and patients saw remote
consultations as positive and beneficial.
Conclusions: Using technology to conduct routine follow-up appointments remotely may ease some of the resource and
infrastructure challenges faced by the UK NHS and free up clinic space for patients who must be seen face-to-face. Our findings
regarding the advantages and challenges of using remote consultations for routine follow-ups of liver transplant patients have
important implications for service organization and delivery in the postpandemic NHS.
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Introduction
Background
Increasing the use of technology to reduce pressure on services
across the National Health Service (NHS) in England and Wales
is a key government target [1]. The NHS Long-Term Plan sets
out a strategy for digitally enabled outpatient care to become
mainstream across the NHS by 2024 [2]. Central to this strategy
is the use of remote consultations, which allows real-time
clinician-patient interactions at a distance using video- or
telephone-based technology [3,4]. Consequently, there is a
growing evidence base assessing the effectiveness of remote
consultation in a range of clinical specialties using key metrics
such as patient and staff perspectives [4,5], patient acceptability
and satisfaction [6,7], health care resource use [8], health
outcomes [9], and costs [3].
Despite much of the evidence for the impact of digital
technologies on care pathways and service delivery coming
from primary care [9-11], studies undertaken in secondary care
have found a range of benefits to remote consultations in routine
follow-up care. Patients frequently cite advantages relating to
personal convenience, such as reduced costs, fewer travel issues,
and minimal time off work [3]. For NHS services, there is
evidence of a range of incremental benefits, including the
efficient use of staff time and physical infrastructure [5].
However, despite the potential benefits of remote consultations
in providing follow-up care, uptake in clinical practice remains
low [12], and evidence for its impact on health inequalities is
equivocal [13]. For many patients, acceptability is mediated by
perceived usefulness and security [14], confidence in using the
relevant technology [15], and the strength of the patient-clinician
relationship [8]. Similarly, although good patient satisfaction
can be achieved when remote consultations are used, clinician
satisfaction may be reduced [9], particularly when technical
issues such as poor audiovisual quality impair patient-clinician
communication [3].
Practical implementation issues are often explored superficially
in existing studies, and emerging evidence suggests that
complexities exist in embedding digital technologies into routine
care because of disruption to routines in traditional clinics [16].
Since the emergence of COVID-19, there has been a widespread
switch to remote consulting (telephone and on the web) to
provide clinical services while mitigating disease risk among
vulnerable patients [17-19]. In accelerating the use of remote
consultations rapidly, patients and health care professionals
have been forced to undergo changes in health care delivery
regardless of preference. It is likely that the wholesale shift to
remote consultations during COVID-19 has been readily
accepted by patients and health care professionals as it was
https://www.jmir.org/2021/9/e19232
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perceived as a temporary measure, with the expectation that
follow-up care would revert to prepandemic delivery afterward.
A case study of the rapid implementation of virtual consultations
for outpatient appointments in orthopedics during COVID-19
showed high levels of satisfaction with appointments but low
preferences for remote consultation under normal circumstances
in which personal safety or easing pressure on services were
not the primary drivers of uptake [20]. This suggests that there
may be substantial value in assessing the feasibility of
implementing remote consultations for follow-up appointments
outside of the COVID-19 situation, and an awareness of the
enduring perceived advantages and pitfalls of remote
appointments may be important when planning how to embed
remote consultation within routine practice. This study reports
our experiences with the implementation of an outpatient video
consultation system before COVID-19.

Aim and Objectives
The aim of this study is to evaluate the feasibility of using
real-time remote consultations between clinically stable liver
transplant patients and their hospital physicians using secure
videoconferencing technology for routine follow-up
appointments and assess whether patient satisfaction differed
for intervention patients and those receiving usual care
(face-to-face consultations). The study objectives are to (1)
assess the rates of recruitment, retention, and crossover between
arms; (2) assess the appointment numbers and the technical
performance of the remote consultation software; (3) assess
patients’ ability to complete clinical testing locally; (4) explore
patient satisfaction across key domains of the RAND
Visit-Specific Questionnaire-9 (VSQ-9) instrument [21]; (5)
monitor questionnaire return rates and data completeness; and
(6) assess the feasibility of collecting patient-reported data on
health service use, health-related quality of life (HRQoL), and
costs. An embedded qualitative process evaluation explored
patient and staff experiences.

Methods
Design and Setting
A two-armed, parallel group, statistician-blinded feasibility
randomized controlled trial (RCT) of the provision of real-time
remote appointments via videoconferencing software compared
with standard face-to-face consultations (usual care) for
delivering routine follow-up to clinically stable liver transplant
patients was set up. Participants were recruited from 4 outpatient
liver clinics at the Queen Elizabeth Hospital Birmingham
(QEHB): primary sclerosing cholangitis, primary biliary
cholangitis, alcohol-related liver disease, and autoimmune
hepatitis. The trial was registered with the International Standard
RCT Number Registry (trial number: 14093266).
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The published study protocol [22] outlined a definitive trial to
evaluate the effectiveness of remote consultations, with a
recruitment target of 180 patients (90 in each arm) that would
provide sufficient power to detect a statistically (and clinically)
significant difference among groups in the primary outcome
measure. However, once underway, poor recruitment meant
that a definitive trial would not be possible, and ethical approval
was obtained to formally modify the study design to a feasibility
RCT. Rather than aiming to provide a definitive assessment of
intervention effectiveness, the feasibility RCT reported here
placed emphasis on evaluating recruitment and retention,
crossover, the feasibility of administering the intervention and
collecting outcome data, and an embedded process evaluation.
This paper follows the CONSORT (Consolidated Standards of
Reporting Trials) extension for randomized pilot or feasibility
trials [23], the CONSORT eHealth checklist v1.6 (Multimedia
Appendix 1) [24], and the COREQ (Consolidated Criteria for
Reporting Qualitative Studies; Multimedia Appendix 2) [25].

Participants
Clinically stable adult patients (aged ≥18 years) who received
a liver transplant 1 to 5 years before baseline were eligible for
the study if they (1) could access the myhealth@QEHB patient
portal [26]; (2) could arrange for local clinical testing (blood
tests, weight, and blood pressure) via their general practitioner
(GP) or a dialysis center; (3) had an internet-enabled computer
with a camera, running an operating system compatible with
the remote consultation software; (4) had follow-up
appointments every 3 or 6 months; and (5) could give informed
consent. Patients who were unable to speak or read English or
those who were involved in another research study involving
ongoing questionnaire completion were excluded. Before each
clinic, hospital staff screened the day’s appointment list to
identify potentially eligible patients according to the time
elapsed since transplant. Clinical stability was assessed by the
consultant using their judgment of the patient’s liver function,
adherence to immunosuppressant medication, and blood test
results. Clinically eligible patients were introduced to the study
during their appointment by their consultant, who assessed their
eligibility further against the other inclusion criteria. Patients
interested in participating gave written consent to a member of
the research team after their appointment and completed a
baseline questionnaire before randomization. Patients who chose
not to participate had their reason or reasons recorded.
Participants were randomized in equal numbers to the
intervention (myVideoClinic) or usual care (standard
face-to-face consultations) arm of the study using the GraphPad
web-based randomization tool [27]. Intervention patients were
registered on the myVideoClinic system and given instructions
to access web-based software training. All patients were
registered on the myhealth@QEHB system [26] for the
administration of follow-up questionnaires. myhealth@QEHB
is a patient records portal developed by the Trust Informatics
department, which is currently used by approximately 10,000
patients across 40 clinical specialties. It allows patients remote
access to clinical information, including letters, laboratory
results, and referrals. Patients can also view appointments,
upload or share files on the system, and interact with other
patients to create peer-support networks.
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Intervention
Intervention patients received appointment details through post
and standard text appointment reminders. Patients were required
to undergo clinical tests locally and make results available
through myhealth@QEHB [26] before their appointment. For
their appointment, patients logged in to myhealth@QEHB to
speak to their consultant using an embedded secure
videoconferencing platform provided by Vidyo. The Vidyo
platform has been used for remote consultations by many health
care providers and is underpinned by a comprehensive
information governance policy that protects the confidentiality
and security of end users according to the national and
international governance and data protection standards [28].
Patients could submit 3 questions before their appointment, and
consultation audio recordings were available afterward through
the myhealth portal. When technical issues occurred during a
consultation, the consultant telephoned the patient to finish the
appointment and scheduled a face-to-face consultation if
necessary.
Patients allocated to the intervention were made aware that it
was the option of having a remote consultation and that they
could ask for a standard appointment if they wished while still
having subsequent appointments remotely. Clinical staff could
assign intervention patients to standard appointments at the
patient’s request, if there was a clinical need, or if the consultant
had not seen preappointment tests for two successive
consultations. The statistician, analyzing the primary outcome
data, was blinded to participants’ group allocation.

Usual Care
Patients received standard face-to-face care at the hospital,
standard letters notifying them of their appointments, and routine
text reminders. They completed clinical tests at the hospital on
the day of their appointment, which the consultant reviewed
afterward.

Qualitative Evaluation
An embedded qualitative process evaluation used semistructured
interviews to explore participants’ experiences of remote
consultations (patients randomized to the intervention and staff
administering the intervention). Interviews with staff and
patients were conducted using topic guides (Multimedia
Appendix 3). These were piloted with members of the study
steering group, including the study’s patient representative.
Following their 12-month appointment, patients in the
intervention arm were contacted by telephone by the research
team to ask whether they were willing to take part in an
interview. Patients were purposively sampled to ensure diversity
in age and sex. At the end of the study, purposively sampled
staff (hospital consultants, staff booking appointments, and
information technology [IT] support personnel) were invited to
take part in an interview. All participants provided written
informed consent. Interviews were conducted by 2 experienced
female research fellows (JJ, who was qualified at the PhD level,
and EOF, who was qualified at the master’s level). Neither
interviewer knew the patient participants before the study. Field
notes were made by the researcher after each interview.
Interviews were audio-recorded, transcribed verbatim, and
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checked against the recordings for accuracy. Participants were
interviewed only once, and they did not have the opportunity
to review their transcripts or provide feedback on the findings.

Outcome Measures
The outcome measures and data collection are summarized in
Table 1. The primary outcome was the combined satisfaction
score for the three domains of VSQ-9 (convenience of location,
getting through to the office by phone, and length of waiting
time). Participants rated their satisfaction on a 5-point scale

(poor, fair, good, very good, and excellent), which was
transformed into a 0 to 100 linear scale, with higher scores
denoting greater satisfaction. A 10-point difference between
the groups at 12 months was considered clinically significant
[29]. Secondary outcomes included recruitment, retention and
crossover rates, questionnaire completion rates and return
format, system performance, health service use, feasibility of
obtaining clinical tests locally, clinical contacts, satisfaction in
the other six VSQ-9 domains, and the feasibility of collecting
data on patient costs and HRQoL (using EQ-5D-5L) [30].

Table 1. Outcome measures and data collection.
Data collection instrument

Schedule or formata

VSQ-9 patient questionnaire

Baseline and 3, 6, 9, and 12 months

Participant recruitment, retention, and crossover between
arms

Routinely collected data

Throughout

Clinical contacts and nonattendance

Number of appointments

Case report form (consultant completed)

myVideoClinic system performance

Failed appointments and telephone
consultations

Routinely collected metrics

Patient completion of clinical tests locally

Blood tests, blood pressure, and weight Case report form (consultant completed)

Patient satisfaction in the other six VSQ-9 domains

VSQ-9 and patient questionnaire

Baseline and 3, 6, 9, and 12 months

Questionnaire completion rates

Number of questionnaires completed
and mode of return

Baseline and 3, 6, 9, and 12 months

Feasibility of collecting patient-reported health service use
data

Patient questionnaire

Baseline and 3, 6, 9, and 12 months

Feasibility of collecting patient-reported HRQoLc data

EQ-5D-5L [20] and patient questionnaire

Baseline and 3, 6, 9, and 12 months

Outcome measure
Primary outcome
(Change in) satisfaction in the VSQ-9b domains of convenience of location, getting through to the office by phone,
and length of time waiting [21]
Secondary outcomes

Feasibility of collecting patient-reported cost data (appoint- Patient questionnaire
ment and clinical testing)

Baseline and 3, 6, 9, and 12 months

Patient and staff experiences of virtual clinics

Semistructured interviews

Semistructured interviews

a

Data at the 3- and 9-month follow-ups were collected from patients on a 3-month follow-up schedule only; data at 6 and 12 months were collected
from all patients.
b

VSQ-9: Visit-Specific Questionnaire-9.

c

HRQoL: health-related quality of life.

Patients stayed in the study for 12 months. All patients
completed baseline questionnaires recording sociodemographics
(postcode, sex, age, ethnicity, and employment status), time
elapsed since transplant, VSQ-9 scores, HRQoL (using
EQ-5D-5L), health care use in the previous 3 months, and costs
(travel or personal expenses) associated with their baseline
appointment. Patients on a 3-month follow-up schedule received
questionnaires via myhealth@QEHB [26] up to 7 days after
their 3-, 6-, 9-, and 12-month appointments. Patients seen every
6 months received questionnaires at 6 and 12 months. The 6and 12-month questionnaires collected data on VSQ-9, HRQoL,
costs, IT issues, and health service use. The 3- and 9-month
questionnaires covered VSQ-9 and costs only. A short
questionnaire was also sent to eligible patients who chose not
to participate, to understand their decision.
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The qualitative interviews covered patients’ experiences of the
study (both arms) and recommendations for improvement
(intervention arm). Staff interviews focused on experiences of
remote consultations and perceived advantages and
disadvantages.

Data Analysis
An intention-to-treat analysis was performed using SPSS version
25 (IBM Corporation) [31]. Participant characteristics at baseline
were summarized descriptively and compared between study
arms using two-tailed t tests or chi-square tests, as appropriate.
Analysis of the primary outcome was undertaken using analysis
of covariance tests to compare intervention and usual care group
satisfaction scores at the study end while controlling for baseline
scores. For patients with missing 12-month VSQ-9 data, their
most recently available data were used. Secondary outcomes
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were analyzed descriptively, and feasibility outcomes were
presented overall and by group with counts and percentages.
Subgroup analyses were not undertaken because of small
participant numbers.

Applied Health Research and Care West Midlands (NIHR
CLAHRC WM) provided advice on the study design, data
collection tools, and outcome selection. A patient representative
sat on the study steering committee.

For the qualitative process evaluation, interviews were
audio-recorded and transcribed verbatim. Transcripts were
uploaded to NVivo 12 Plus (QSR International) [32], and with
no a priori expectations of findings, the interviews were
analyzed thematically [33]. The analysis followed the Braun
and Clarke [33] recommended six-stage process of analysis: (1)
the researcher spending time familiarizing themselves with the
data; (2) the researcher generating initial codes for the data; (3)
the researcher starting to develop themes from the codes; (4)
the researcher reviewing the themes and codes; (5) the researcher
defining, refining, and naming the themes; and (6) the researcher
producing an analytic narrative of the findings. Data coding
was undertaken by 1 researcher, with 10% of the transcripts
independently coded by a second researcher. An initial coding
framework was developed using the first 10% of transcripts. If
data did not fit the codes in this framework, they were discussed
within the team, and where appropriate, new codes were
generated, or amendments were made until all data were
analyzed. Findings from both patient and staff data sets were
compared to identify any similarities or differences.

Results

Sample Size
The protocol [22] outlined a definitive trial in which a required
sample size of 90 patients in each arm (180 total) would be
sufficient to detect a 10-point difference in VSQ-9 scores
between groups at 80% power and α=.05. This was based on
the estimated annual figures of 267 clinically stable liver
transplant patients attending routine follow-up in the clinics of
interest 1 to 5 years posttransplant, an estimated 60%
participation rate, and 30% attrition [34]. However, the actual
number of eligible patients, as well as the recruitment rate, were
substantially lower than expected, and the decision was made
to formally change the study design to a feasibility RCT in
which as many participants as possible would be recruited over
4 months without a formal sample size target [35].

Ethical Approval
This study received a favorable ethical opinion from the West
Midlands Solihull Research Ethics Committee on October 24,
2017 (reference: 17/WM/0338). Research governance approval
was obtained from the University Hospitals Birmingham NHS
Foundation Trust in February 2018 (reference: RRK6080). The
study was sponsored by the University of Birmingham.

Patient and Public Involvement

Recruitment, Retention, and Crossover
Recruitment took place between March 12, 2018, and July 19,
2018. Overall, 203 patients were potentially eligible according
to age and time elapsed since transplant (Multimedia Appendix
4). After further screening, 63.1% (128/203) patients were
considered eligible. Of the 128 eligible patients, 72 (56.3%)
were not recruited because of the following reasons: 57%
(41/72) were not seen by the research team after their
appointment, and 43% (31/72) declined participation. Of the
31 decliners, 15 (48%) decliners subsequently returned a
questionnaire explaining their decision: 47% (7/15) liked
attending hospital or lived nearby, 27% (4/15) lacked appropriate
computer equipment or access to myhealth@QEHB [25], 20%
(3/15) felt that it would be too difficult to obtain test results or
medication locally, and 7% (1/15) disliked the idea of remote
consultations.
Of the 203 patients, 56 (27.6%) were recruited. Of the 56
recruited patients, 29 (52%) were allocated to the intervention,
and 27 (48%) were allocated to usual care. Approximately 7%
(2/27) of usual care patients withdrew after randomization,
giving an adjusted recruitment rate of 26.6% (54/203). All
remaining patients continued in the study until it closed.
Crossover was substantial, with 45% (13/29) of patients
changing to usual care: 69% (9/13) because of patient request;
15% (2/13) for health reasons, and 15% (2/13) were changed
by the consultant after missed remote appointment or
appointments. No harm or adverse events were reported during
the study.

Participant Characteristics
Mean participant age was 48.9 (SD 13.8) years, and 59% (32/54)
of patients were men (Table 2). Approximately 37% (20/54) of
patients had follow-up appointments every 3 months. Patients
in the intervention arm were slightly younger than those
receiving usual care, and a greater proportion was men, although
none of the baseline characteristics showed a statistically
significant difference between groups when means or
proportions were assessed. The mean distance between the
hospital and participants’ home postcode was 75.3 (range 7-209)
miles for all patients—79.6 (range 7-209) miles for intervention
patients and 70.3 (range 8-145) miles for usual care patients.

The patient and public involvement group of the National
Institute for Health Research Collaboration for Leadership in
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Table 2. Baseline characteristics by the study arm (N=54).
Characteristics

Intervention (n=29)

Usual care
(n=25)

Overall

Age (years)
Value, mean (SD)

45.8 (14.1)

52.4 (12.9)

48.9 (13.8)

Value, median (IQR)

35.0 (35-57.5)

53.0 (43-62.5)

50.0 (35-62.0)

Sex, n (%)
Male

18 (62)

14 (56)

32 (59)

Female

11 (38)

11 (44)

22 (41)

Follow-up, n (%)
3 months

10 (35)

10 (40)

20 (37)

6 months

19 (65)

15 (60)

34 (63)

Distance from hospital (miles)
Value, mean (range)

79.6 (7-209)

70.3 (8-145)

t testa (df)

Chi-square (df)

P value

1.78 (52)

N/Ab

.08

N/A

.03 (1)

.86

N/A

.02 (1)

.89

0.72 (52)

N/A

.47

N/A

1.05 (3)

.79

N/A

2.06 (3)

.56

75.3 (7-209)

Employment, n (%)
Full time

13 (45)

11 (44)

24 (44)

Part time

4 (14)

5 (20)

9 (17)

Retired

9 (31)

8 (32)

17 (32)

Unemployed

3 (10)

1 (4)

4 (7)

Qualifications, n (%)

a

Comparison

School level

19 (66)

16 (64)

35 (65)

Degree level

6 (21)

5 (20)

11 (20)

Postgraduate

3 (10)

1 (4)

4 (7)

None

1 (3)

3 (12)

4 (7)

Two-tailed t test.

b

N/A: not applicable.

Primary Outcome
The mean VSQ-9 baseline score for the three domains of
convenience of location, getting through by phone, and length
of time waiting was 49.7 (SD 17.9) for patients in the
intervention arm and 50.3 (SD 19.5) for usual care patients. At
each subsequent time point, scores were substantially higher
for intervention patients than for usual care patients (Figure 1).
At 12 months, scores had increased from baseline in both
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groups: by 24.7 points for intervention patients (74.4, SD 25.3)
and by 14.2 points for usual care (64.5, SD 28.4). Within-group
analysis showed that the increase was significant for both
intervention (P<.001) and usual care (P=.02) patients. Analysis
of covariance showed no significant difference in satisfaction
between groups after controlling for baseline (F1=2.84; P=.10).
However, the study was underpowered given its feasibility
design.
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Figure 1. Mean Visit-Specific Questionnaire-9 scores in the three domains comprising the primary outcomes stratified by group. VSQ-9: Visit-Specific
Questionnaire-9.

Secondary Outcomes
Clinical Contacts and System Performance
A total of 129 appointments took place, of which 42 (32.5%)
were intended as remote consultations across 19 patients (10
patients had switched to usual care before their first remote
appointment). Of the 42 planned remote consultations, 18 (43%)
took place over video, and 24 (57%) took place at least partially
over the telephone because of technical issues. Only 26% (5/19)
of patients received all appointments over video. Approximately
47% (9/19) of patients received a mix of video and telephonic
appointments, and the remaining 26% (5/19) received only
telephonic appointments. Technical issues reported by
questionnaire respondents related to problems with software or
browser compatibility, audiovisual issues, system freezes or
crashes, log-in problems, and system time-outs.

Local Clinical Testing (Intervention Patients)
Blood pressure results were available to the consultant on 81%
(34/42) of occasions and weight results on 86% (36/42) of
occasions. Blood test results were more variable, with 62%
(26/42) of consultations having full blood results, 17% (7/42)
having partial results, and 21% (9/42) being without results.
The most common reasons for the lack of blood test results were
that tests had been done but results not passed on; tests were
done, but key analyses were omitted (usually urea, electrolytes,
and tacrolimus); the patient did not undergo the tests; or because
GPs needed clarification about what was required. These issues
decreased over time, with only 1 patient lacking preappointment
test results by their 12-month appointment.

VSQ-9 Other Domains
The mean VSQ-9 baseline score for the six domains not assessed
within the primary outcome (wait for appointment, time with
consultant, explanation of what was done, technical skill of
clinician, personal manner, and overall impression) was 73.7
(SD 14.0) for intervention patients and 66.9 (SD 14.8) for usual
care patients. The scores remained higher for intervention
patients at each follow-up point. At the end of the study,
satisfaction scores were 80.9 (SD 15.6) for patients receiving
the intervention and 72.7 (SD 19.6) for patients receiving usual
care.

Questionnaire Return and Data Completeness
Approximately 63.6% (82/129) of postappointment
questionnaires were returned. A greater proportion of
questionnaires was returned by intervention patients: 35.6%
(46/129) compared with usual care patients 27.9% (36/129).
Approximately 20% (11/54) of patients returned no
questionnaires, 30% (16/54) returned one or more
questionnaires, and 50% (27/54) returned all questionnaires. Of
the 82 questionnaires returned, only 22 (27%) were sent back
electronically (11 in each arm); the remainder were submitted
on paper. Data on health service use were provided by all
intervention and usual care patients, and all questionnaires that
were returned at baseline, 6 months, and 12 months from
patients in both study arms contained full HRQoL data. Data
on patient costs were poorly completed, with fewer than half
of all returned questionnaires containing data that could inform
an economic evaluation.

Patient and Staff Experience
Of the 12 interviews conducted for the qualitative process
evaluation, 8 (67%) were with patients receiving the intervention
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and 4 (33%) with staff (2 consultants, 1 member of IT support,
and 1 hospital administrator; Table 3). All patient participants
preferred their interviews to be conducted over the telephone.
All staff interviews were conducted face-to-face on hospital
premises. No one else was present at the interviews apart from
the participants and researchers. The interview length ranged
from 15 to 45 minutes. Six overarching themes were interpreted
from the data: (1) the recruitment process; (2) using the
myVideoClinic software (including barriers and facilitators);
(3) perceptions of remote consultations (including satisfaction
with care and views on remote consultations compared with

Damery et al
face-to-face appointments); (4) local clinical testing (barriers
and facilitators to obtaining tests and ensuring results were made
available); (5) perceived benefits of remote consultations to the
hospital; and (6) implications for implementation. The findings
for each theme are described below, with key verbatim
quotations cited in the text. Quotations are attributed using
participant number, sex, and age group for patients and using
participant number and role for staff. Multimedia Appendix 5
summarizes the key themes (including definitions) and provides
supplementary supporting quotations for each theme.

Table 3. Characteristics of interview participants (N=12).
Characteristics

Participants, n (%)

Patients (n=8)
Sex
Male

4 (50)

Female

4 (50)

Age (years)
30-39

1 (12)

40-49

2 (25)

50-59

2 (25)

60-69

2 (25)

70-79

1 (12)

Staff (n=4)
Sex (n=4)
Male

1 (25)

Female

3 (75)

Information technology (n=1)
Male

0 (0)

Female

1 (100)

Administration (n=1)
Male

0 (0)

Female

1 (100)

Consultant (n=2)
Male

1 (50)

Female

1 (50)

Interview Themes
The Recruitment Process
Both consultants who were interviewed agreed that appointments
in which the study was explained to patients were slightly longer
than usual. However, recruitment was not onerous for clinical
and administrative staff, and patients were generally keen to
participate:
So broadly, it was a straight forward study in some
respects to recruit for, because it’s not a particularly
evasive intervention for patients. But of course
recruiting people in a busy clinical setting is always
https://www.jmir.org/2021/9/e19232
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hard remembering and trying to make sure that you
pick the right people. [Participant 02, consultant]
However, both consultants also reported that time constraints
meant that not all clinic lists could be prescreened to identify
potentially eligible patients before appointments began, which
affected recruitment rates.

Using myVideoClinic Software
Audio and visual problems with at least one remote consultation
were reported by 75% (6/8) of patients, and it was rare that
sound and video worked together, even when preappointment
device testing showed no incompatibility between patients’
home system and the Trust. Connections were often slow, and
J Med Internet Res 2021 | vol. 23 | iss. 9 | e19232 | p.772
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1 participant was particularly concerned about the confidentiality
of their appointment:
If you’ve got something very private or something
you’re really worried about you’d not be very
comfortable if the consultant is going “I can’t hear
you,” “I can’t hear you.” [Participant 08, female,
aged 60-69 years]
Both consultants also experienced problems, and many planned
video appointments became telephone consultations. IT support
was not always timely because of pressure on clinic time:
It was always after the appointment had failed then
you’d contact the help desk and they kind of try and
work out what had happened at the time which is
never quite so good because they can’t see what the
problem is. [Participant 01, consultant]
All the patients (8/8, 100%) welcomed the facility to upload
questions before their appointment, although none used it, nor
did any patients report accessing the audio recording of their
appointment.

Perceptions of Remote Consultations
All patients (8/8, 100%) reported satisfaction with the received
care; however, 63% (5/8) explicitly noted that this might not
be satisfactory if they were unwell. For example, 1 patient was
worried about being unable to demonstrate physical symptoms
to her consultant:
The disadvantage is that I can’t physically show
anything on my body, so at one stage I did have these
rashes, but doctor couldn’t physically examine me.
[Participant 08, female, aged 60-69 years]
Of the 8 patients, 6 (75%) thought that their patient-physician
relationship remained the same and 2 (25%) reported some
awkwardness with remote consultations:
It makes you feel a little bit more distant and I would
say that I always do feel more reassured when I see
them in person. [Participant 12, male, aged 50-59
years]
Consultants reported that appointments tended to be more
business-like than face-to-face interactions, with less informal
discussions. All patient participants (8/8, 100%) reported saving
time and money:
If I use the car, then it’s an 80 mile, 2 hour minimum
drive. And some day’s it been a 4 hour drive, and
that’s each way. [Participant 05, male, aged 70-79
years]
For patients reporting negative health impacts from travel (1/8,
13%), the option of a remote appointment was strongly
welcomed:
To Birmingham would take me 4 hours, and 4 hours
back.... To be perfectly honest, it made me ill for days.
[Participant 06, male, aged 60-69 years]
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least at the start of their involvement in the study. GPs were
often unsure which tests were needed and whether they were
permitted to order them. Sending results to the hospital required
pragmatism: 50% (4/8) of the participants uploaded their results
via the myhealth portal, but the consultant could not always see
them; the remaining 50% (4/8) relied on their local center (eg,
GP) to send results; however, this could be problematic:
I had to chase them up a couple of times. When they
did, the results weren’t actually transferred onto
myhealth. [Participant 08, female, aged 60-69 years]
A lack of blood test results was reported by both consultants as
making appointments more difficult, as they may not have had
the full set of clinical information required for decision-making
about patient treatment:
Well, it makes it more difficult to – so you wouldn’t
make a decision about changing medications or
adjusting doses without blood test results.... If patients
say “oh yes I had my bloods and they told me the
results were fine” I think it’s important to know what
the results actually were rather than just relying on
their recollection that the results were fine.
[Participant 01, consultant]
However, both consultants agreed that when results were
available, remote consultations became more efficient compared
with standard appointments:
But actually it’s much better than previous
[face-to-face appointments], because obviously
normally what happens is I take bloods [in clinic]
and then I get the results a few days later. Whereas
then we have the result discussed in the [video] clinic.
[Participant 02, consultant]

Benefits to the Hospital
Although a health service cost analysis could not be undertaken
for this study, remote consultations have the potential to release
clinic spaces for those needing face-to-face consultations. This
was seen by both consultants as potentially facilitating cost
savings for the Trust:
They [patients] don’t have a nurse that’s weighing
them and measuring their blood pressure and taking
bloods and sending their bloods to the lab for
processing. All that I guess is cost saving. [Participant
01, consultant]
Being seen as innovative and making use of available technology
was also regarded as important, although the need for
appropriate space in the hospital for remote consultations was
highlighted as a challenge:
You just need an environment. I mean an office is
maybe not the best. You almost need a quiet room
with the right computer facilities, you know, and no
extra noise and no one coming in or out. [Participant
02, consultant]

Local Clinical Testing

Implications for Implementation

Of the 8 patients, 4 (50%) reported that it was convenient to
obtain test results locally, but for others, it was challenging, at

Despite some reservations being expressed about issues such
as clinical testing and audio or visual problems, all patients and
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staff who were interviewed welcomed remote consultations and
saw these as becoming crucial for routine follow-up care in the
future, as long as patients could exercise choice about their
appointment type. Trust support for the long-term
implementation of remote consultations was seen as essential.
In this study, only consultants undertook remote appointments.
If the technology was to be used in other specialties, other
members of the clinical team, such as registrars, would need to
conduct appointments. Consultants were apprehensive about
this and about the adjustments required:
I would find it more difficult to, because then I will
be still be retaining responsibility for that patients’
care that the registrar has seen in a virtual clinic and
although we’re all relatively used to the concept of
taking responsibility for patient care when they’re
seen by somebody other than you in clinic, I guess
it’s just something new that I might get used to.
[Participant 01, consultant]
However, both consultants considered it prudent to train staff
to highlight the differences between face-to-face and remote
consultations. With regard to future appointments, 63% (5/8)
of patients expressed a clear preference to continue with remote
appointments, with the option of attending hospital if necessary:
Maybe I think alternate it, so one on the virtual and
another one.... Sort of physically. [Participant 08,
female, aged 60-69 years]
In contrast, the remaining 38% (3/8) of patients reported that
face-to-face appointments would still be their preference. Both
consultants felt that remote consultations would be increasingly
required, given the rising demand for hospital services while
acknowledging that they may not suit all patients:
So I think we have to do something to try and mitigate
against that and it’s an obvious solution to some of
those issues and I think it will work really well for a
number of patients. It won’t work for everybody but
I think it would substantially reduce or potentially
reduce the number of patients that actually have to
come to [the hospital]. [Participant 01, consultant]

Discussion
Principal Findings
Recruitment to our study was lower than expected: the pool of
eligible patients was comparatively small, and the recruitment
rate was only 26.6% (54/203). Consequently, the study design
was altered from a planned definitive trial to one that focused
on the feasibility of administering the intervention and collecting
evaluative data. Although no participants left the study, the
crossover rate from intervention to usual care was high at 45%
(12/29), with most changes to the study arm made at the request
of the patient before their first remote appointment. This
impaired our ability to fully assess processes and outcomes for
patients in the intervention group and implies that future
evaluations of outpatient remote consultations may benefit from
a cohort rather than a randomized design.

https://www.jmir.org/2021/9/e19232

XSL• FO
RenderX

Damery et al

Limitations
The principal limitation of this study was the need to change
design from the definitive trial outlined in the published protocol
[22] to a feasibility RCT following difficulties with recruitment.
Many patients were ineligible because of clinical or
technological issues, and recruitment rates were low, with only
54 patients recruited in total. There was a substantial crossover
from intervention to usual care, leaving only 30% (16/54) of
patients receiving the intervention. Consequently, the study was
unable to definitively evaluate the impact of remote
consultations on patient satisfaction, and the incidence of
technical issues that affected the mode or quality of remote
consultations was self-reported and not objectively measured.
Similarly, although the baseline characteristics of patients in
each study arm were comparable, we could not compare the
characteristics of patients recruited to the study with those of
the wider liver transplant patient cohort at QEHB, which affects
the external validity of our findings. However, our in-depth
qualitative process evaluation and assessment of the feasibility
of implementing remote consultations for routine follow-up
care in the hospital setting may offer important insights to others
attempting to establish similar services.

Comparison With Prior Work
Many existing studies in this field have been undertaken in
primary care rather than secondary care, and there are
comparatively fewer randomized studies in which a remote
consultation intervention is compared with standard or usual
care or another appropriate control group. Most importantly, a
few studies have assessed some of the practical challenges and
facilitators affecting implementation in clinical practice
(particularly the views of health care professionals on the
feasibility of remote consultations), and to our knowledge, only
one other study has assessed remote consultations for recipients
of liver transplants [8]. Thus, we believe that our study adds to
what is already known on this topic and can provide useful
insights for practitioners seeking to implement remote
consultations in routine care following their widespread use
during the COVID-19 response.
Our overall findings suggest that remote consultations were
effective, and despite technical challenges, interview data
suggested enthusiasm for care to be delivered remotely in the
future. The consultants involved in administering the
intervention were similarly enthusiastic for the option of remote
consultations to be available in routine practice. As reported by
others [9,36], patients in both study groups were satisfied with
their care, although the between-group difference was not
significant after controlling for baseline scores. However, the
substantial increase of 27 points between baseline and study
end for patients receiving remote consultations may indicate
that appointments undertaken at a distance can replace
traditional face-to-face consultations without impairing patient
satisfaction. This is particularly pertinent with regard to
satisfaction scores on the other six domains of VSQ-9—scores
for intervention patients remained higher than those in the usual
care group even for features of the consultation that may be
adversely affected by remote appointments, such as satisfaction
with the personal manner of the consultant and perceptions of
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their technical skills. Maintenance of positive patient-practitioner
interactions may have been aided by relationships already having
been established in previous face-to-face appointments [37,38].
This may indicate a key advantage of using remote consultations
to deliver routine follow-up care within the hospital setting.
Consultants delivering remote consultations reported that the
duration of remote consultations was typically shorter than that
of face-to-face appointments and more business-like, with small
talk kept to a minimum [16,39]. We were unable to assess health
service costs; however, it may be reasonable to assume that
remote consultations have the potential to save resources for
the NHS. It is important to ensure that remote consultations do
not simply displace costs associated with routine patient
follow-up to other parts of the health and social care system
[39]. Our study demonstrated the feasibility of collecting data
on health service use, and this should be an important element
of future research assessing the service and cost implications
of offering remote consultations, particularly when clinical test
results must be obtained for review during remote appointments.
Obtaining blood test results proved to be challenging for many
participants. Although workarounds were found, it is clear that
careful consideration of viable processes for local clinical testing
is required to make this less burdensome for patients. It did not
prove feasible to collect meaningful data on patient costs;
however, qualitative evidence showed that remote consultations
were perceived to offer cost and time savings for many
participants. The opportunity for remote consultation was also
beneficial for patients who lived far from the hospital and for
whom the journey was considered detrimental to their health
[40].

Implications for Implementation in Clinical Practice
Given the growing demand for hospital services and the
increasing pressure on hospital infrastructure, it is likely that
more intensive use of remote consultations will be needed in
the future to deliver routine patient follow-up care. Our study
highlights a number of areas that require consideration to support
effective implementation, and our findings also give important
insights into whether remote consultations remain acceptable
to patients and health care professionals beyond their
unprecedented expansion during the COVID-19 response. First,
for conditions where the results from clinical tests must be
available during consultations, a robust system for patients to
obtain these tests locally should be put in place [3,4]. Second,
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as has been reported by others, technical issues with the
myVideoClinic software were frequently experienced by both
consultants and patients [9,16], and less than half of remote
consultations took place using video as planned. Technology
is constantly evolving, and the facility (currently being
developed) to offer access to remote consultations via
smartphones is likely to resolve many of these technical issues.
Other studies have also reported reluctance to use remote
consultations on the part of consultants [38], and training should
be offered to support the implementation of virtual models of
care and address any associated ethical challenges [37]. There
may be a core group of patients who do not wish to have remote
consultations under any circumstances. Our survey of
nonparticipants showed reluctance to have a remote appointment
for a range of reasons, including dislike of the idea of remote
follow-up, poor engagement with technology, preference for
attending in-person because they lived nearby or enjoyed coming
to the hospital, or a perception that obtaining medication and
clinical tests locally would be too challenging. This suggests
that remote consultations should be offered subject to patient
choice and support traditional models of follow-up care rather
than replacing them [12]. Unanswered questions remain
regarding the equity of access to virtual consultations
(particularly for rural patients who may not only live far from
hospital sites but also experience poor technological
infrastructure) and their suitability for diverse clinical specialties
in which face-to-face consultation may continue to be necessary.

Conclusions
The NHS faces substantial pressure on resources and
infrastructure because of increasing patient demand. Using
technology to support routine patient care may ease some of
these pressures. This study demonstrates that using remote
consultations in routine follow-up for liver transplant patients
is not detrimental to patients’ overall care experience and may
have a positive impact on patient satisfaction. During the
COVID-19 pandemic, telephone and video-based appointments,
rather than face-to-face contacts, have been offered almost
exclusively by many NHS Trusts to slow down virus
transmission and reduce the strain on NHS services. Although
patients and practitioners may have accepted these changes as
a temporary measure, our study shows that a number of technical
and process issues must be resolved if the routine use of remote
consultations is to be acceptable to patients and staff in the
postpandemic NHS.
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Abstract
Recent literature supports the efficacy and efficiency of telemedicine in improving various health outcomes despite the wide
variability in results. Understanding site-specific issues in the implementation of telemedicine trials for broader replication and
generalizability of results is needed. Lessons can be learned from existing trials, and a blueprint can guide researchers to conduct
these challenging studies using telemedicine more efficiently and effectively. This viewpoint presents relevant challenges and
solutions for conducting multisite telemedicine trials using 7 ongoing and completed studies funded by the Patient-Centered
Outcomes Research Institute portfolio of large multisite trials to highlight the challenges in implementing telemedicine trials.
Critical issues of ensuring leadership and buy-in, appropriate funding, and diverse and representative trials are identified and
described, as well as challenges related to clinical, informatics, regulatory, legal, quality, and billing. The lessons learned from
these studies were used to create a blueprint of key aspects to consider for the design and implementation of multisite telemedicine
trials.
(J Med Internet Res 2021;23(9):e29511) doi:10.2196/29511
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Introduction
Multisite clinical trials are critical to advance the detection,
diagnosis, and treatment of disease and to drive valid and
reliable knowledge that can be generalized to broad integrated
populations and health care settings. Techniques to conduct
multisite clinical trials vary as a function of many factors,
including the intervention under consideration, patient
population, institutional setting, country, and so on, and a vast
amount of literature exists on how to conduct clinical trials of
all sorts. Telemedicine technologies and trials provide
researchers not only the opportunity to assess the impact of
telemedicine interventions in different populations but also to
use these technologies in the evaluation of other clinical
interventions where it is not the telemedicine aspect being
evaluated.
Why do we need a blueprint for researchers conducting multisite
telemedicine trials? A key reason is that telemedicine trials
present new challenges to researchers that are typically not
encountered in more traditional clinical trials. Despite the steady
growth in acceptance and use, telemedicine is still far from
being mainstream, and despite the creation of practice guidelines
by the American Telemedicine Association and a variety of
professional societies [1], there is little uniformity in practice
and thus outcomes. Although existing literature supports the
efficacy and efficiency of telemedicine in improving outcomes
as measured using a variety of metrics, there is wide variability
in these results. An extensive body of literature on modern
telemedicine already exists, going back well over 25 years, with
at least two mainstream peer review telemedicine journals
dedicated to presenting research results with an increasing
emphasis on outcomes. Systematic literature reviews and
meta-analyses are being conducted at accelerating rates, which
could not happen reliably if a large enough body of published
studies to draw from were not available. However, this body of
literature as a whole includes many mixed, inconclusive, and
even contradictory results [2-6].
This really is not surprising. Medical research literature as a
whole is often characterized as having mixed or inconclusive
evidence, especially when, like telemedicine, the topic of interest
is a new technology, procedure, treatment, or intervention. When
a new tool or technology is introduced, others jump on board
with their (often proprietary) versions, and isolated studies at
single institutions are conducted on different patient and
provider populations, with slightly (or very) different protocols,
using different workflows, different metrics, benchmarks, and
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statistical analyses. In addition, the clinical application of
telemedicine in medical and behavioral care rapidly expanded
during the COVID-19 emergency state, allowing providers to
reach many patients virtually because of relaxation of the
Centers for Medicare & Medicaid Services regulations and state
licensures and stay at home orders around the country [7-9].
Although there are many case reports of successes, large-scale
systematic studies evaluating the effectiveness of telemedicine
across different populations and settings are needed more than
ever [10].
What can we do to get “better evidence in telemedicine”? As
with any new medical intervention, we need more valid and
reliable evidence to conduct large, multisite telemedicine trials.
We need to understand and control (or at least account for)
site-specific issues in implementation for broader replication
and generalizability of the results. We need to acknowledge and
understand the heterogeneity of treatment effects in diverse
populations, and when examining the compendium of results,
account for this heterogeneity appropriately before claiming a
given telemedicine intervention does or does not work.
Given this opportunity and the difficulties of conducting
multisite trials in telemedicine described in this paper, a
blueprint can point the way for researchers to conduct these
challenging studies more efficiently and effectively. This will
build an evidence base for understanding the true impact and
use of telemedicine.

Multisite Telemedicine Clinical Trials
This paper examines 7 ongoing and completed studies funded
by the Patient-Centered Outcomes Research Institute (PCORI)
portfolio of large multisite trials to highlight the challenges in
implementing telemedicine trials; each trial is described in Table
1. Key issues (eg, clinical, informatics, regulatory, legal, quality,
and billing) are summarized and examples of how they were
addressed are described, thereby providing a blueprint of topics
that will typically need to be addressed in the planning and
implementation of telemedicine clinical trials.
PCORI has funded more than 25 large, multisite, pragmatic
trials in telemedicine, most of which are conducted across
multiple states, with some in more than 10 different states. More
than three-quarters of them are ongoing and at various stages
of implementation. Representative trials were selected based
on the stage of implementation and discussion with PCORI on
which current trial participants might be willing to share their
experiences.
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Table 1. Selected large multisite trials funded by PCORIa.
Principal investigator

Study title

Summary

PCORI contract
number

AWA

Improving Specialty-Care Delivery This study evaluated an innovative CCHb model where IHS-071502-IC
in Chronic Skin Diseases
patients and primary care providers could access dermatologists on the web directly and asynchronously

ClinicalTrials.gov
number
NCT02358135

via a pragmatic RCTc to test whether a CCH model
results in equivalent improvements in disease severity,
quality of life, and mental health, and whether the
model provides better access to specialty care, compared with usual in-person care for psoriasis management.
Using Telehealth to Deliver Developmental, Behavioral, and Mental
Health Services in Primary Care
Settings for Children in Underserved Areas

Using community-engaged research principles, FQHCd IH-12-11-4168-IC

ERD

Connect.Parkinson

Connect.Parkinson assessed the feasibility, value, and AD-12-11-4701
benefits of telemedicine visits with a specialist for individuals with Parkinson disease (n=200) through
randomization to usual care or their routine care enhanced by video visits with a Parkinson specialist in
approximately 20 US states.

KJG

C3FITf Stroke Care Trial

C3FIT uses team-based, enhanced collaboration to
PCS-2017C3-9081 NCT04000971
follow patients from presentation at the Emergency
Department through 12 months post discharge to
compare joint commission-certified stroke care with
an Integrated Stroke Practice Unit care model that uses
nurse and lay health educator care teams to visit patients and caregivers at home or in rehabilitation or
skilled nursing facilities to assess function and quality
of life using telehealth technology for patients at 18
US clinical sites.

TRC

(n=6 sites) and CHMCs (n=2 sites) designed a telehealth-based intervention to improve the referral system for children being referred to specialty mental
health care from primary care. We conducted an RCT
involving 342 children, aged 5-12 years, with mental
health concerns to receive either a routine referral or
the new telehealth-enabled referral system.

HQN, Mula- Noninferiority Comparative Effec- HomePal is a CERg comparing two models of home- PLC-1609-36108
rski RA
tiveness Trial of Home-Based Pallia- based palliative care, standard approach with nurses
tive Care (HomePal) Trial
and physicians making home visits versus nurses in
patients’ home facilitating remote physician consults.

a

DRS

SUMMITh Trial

ES

Specialty Medical Homes to Improve Outcomes for Patients With

NCT02396576

e

SUMMIT examines whether psychotherapy delivered PCS-2018C1via telemedicine is as effective as in-person sessions 10621
for perinatal populations in Toronto, Canada; Chapel
Hill, North Carolina; and Chicago, Illinois.

NCT02038959

NCT03694431

NCT04153864

This trial compares traditional face-to-face delivered IHS-2017C3-8930 NCT03985800
to telemedicine delivered team-based care within a
IBDi and Behavioral Health Condi- subspecialty medical home integrating behavioral and
medical care for patients with IBD in Pittsburgh,
tions Trial
Pennsylvania, New York City, New York, and Cleveland, Ohio.

PCORI: Patient-Centered Outcomes Research Institute.

b

CCH: Collaborative Connected Health.

c

RCT: randomized controlled trial.

d

FQHC: federally qualified health center.

e

CHMC: community mental health clinic.

f

C3FIT: Co-ordinated, Collaborative, Comprehensive, Family-based, Integrated, Technology-Enabled Care.

g

CER: community-engaged research.

h

SUMMIT: Scaling Up Maternal Mental Healthcare by Increasing Access to Treatments.

i

IBD: inflammatory bowel disease.
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Issues and Challenges in Implementing
Multisite Telemedicine Clinical Trials
As researchers consider moving to multisite clinical trials using
telemedicine, several issues need to be considered. Telemedicine
has shown success in overcoming geographic and time
limitations in medical care delivery, and evidence shows
improved access to care, higher patient satisfaction, and

Commiskey et al
enhanced quality of care and value of care can result [11]. Using
telemedicine as a means of conducting a multisite clinical trial
or using multiple sites to assess telemedicine intervention also
raises some important decisions and considerations that should
be addressed during study design and implementation. Textbox
1 summarizes the specific study elements and key considerations
for assessing the impact of telemedicine interventions and the
use of telemedicine to conduct multisite trials that were derived
from reviewing completed and ongoing PCORI trials.

Textbox 1. Study elements and key considerations for assessing the impact of telemedicine interventions.
Technology
•

Selecting a telemedicine platform

•

Information technology reviews and approvals

•

Technology support for electronic failure and vendor changes

•

Potential financial cost to patients and ways to mitigate

Regulatory and reimbursement
•

Credentialing and privileging

•

Insurance empaneling

•

Health Insurance Portability and Accountability Act or security standards

•

Billing and remuneration

•

Contracting and budgeting

•

Institutional review boards

Design and initiation
•

Comparators and outcomes

•

Cross-contamination

•

Clinical workflow

•

Patient and participant characteristics

•

Training

•

Health disparities

Implementation and sustainability
•

Buy-in

•

Patients and family caregiver engagement

•

Sustainability

Technology
Overview
Selecting a telemedicine platform is a key first step in ensuring
the success of the research project and should be carefully
considered. In some cases, the research project will simply use
the telehealth platform in which the institution or institutions
are already using clinically. If a platform is not available,
selecting one is a key aspect of study planning and execution
and typically must be done in conjunction with the health care
system. Considering the current availability, study context, cost,
security, and compliance are essential. Furthermore, considering
user-centeredness ensures that the study platform is acceptable
and feasible for both the provider and target population. For
https://www.jmir.org/2021/9/e29511
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example, the SUMMIT (Scaling Up Maternal Mental Healthcare
by Increasing Access to Treatments) trial [12] used specific
criteria to facilitate the selection of telemedicine platforms,
including simplicity of use for patients and providers, the
availability of easy-to-follow instructions, whether Health
Insurance Portability and Accountability Act (HIPAA) or
Personal Health Information Protection Act guidelines were
met, and technical support. Finally, integration of the
telemedicine platform with an institution’s electronic medical
record (EMR) was an important consideration. A robust
telemedicine platform may not always integrate with the
institution’s EMR, which can present challenges in study visits,
clinical care documentation, and continuity of care. In this case,
using two EMR systems (one for institutional EMR and the
J Med Internet Res 2021 | vol. 23 | iss. 9 | e29511 | p.782
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other for telemedicine EMR) can be used, but the study protocol
must specify the integration of both systems and procedures for
reconciling differences to ensure that documentation is complete
in both systems. Understanding the impact of using multiple
systems is essential, and differences in the integration of the
telemedicine platform across different study sites need to be
evaluated in confounder analyses. The SUMMIT trial used an
existing platform that was free and readily used by all registered
health professionals in Toronto, Canada, but an existing platform
was not available in Chicago, Illinois; therefore, the study team
opted for a commercial product. In all cases, the platform offered
a version that was compliant with either the United States
HIPAA security rule or the Canadian Personal Health
Information Protection Act. User-centeredness requires ensuring
a platform that is acceptable and feasible for the provider and
target population. The SUMMIT trial used specific criteria to
facilitate telemedicine platform implementation, including
simplicity of use with easy instructions, ability to try out the
platform, and technical support.

Information Technology Reviews and Approval
Researchers must work closely with their institution’s
information technology (IT) department (university, hospital,
or both) during evaluation and selection to ensure that
telemedicine platforms meet federal, state, and institutional
privacy and security standards and provide robustness for
efficient patient-provider communication. As research
requirements and approvals vary, involving institutional IT
representatives early is critical. The study team may need to
take the lead in evaluating telemedicine platforms, involving
IT to understand the must-have standards, including encryption,
data security, confidentiality, digital certificates, log-in IDs and
passwords, auto-log-offs, audit trails, and disaster recovery
plans. The Co-ordinated, Collaborative, Comprehensive,
Family-based, Integrated, Technology-enabled Care (C3FIT)
trial added a high-level IT leader at their main institution to the
trial, providing a concrete effort for an IT liaison for all study
years. Furthermore, this person was involved in design well
before applying for funding, which allowed the IT leader to be
fully vested in the study, providing both consultation and
guidance through IT review and while setting up agreements
with sites, as well as throughout the study to assist with
technology changes and user issues. The importance of this as
the COVID-19 pandemic expanded cannot be overstated. All
of the trials worked closely with their IT teams for both
technology selection and deployment, such as holding dedicated
workshops to help train providers and patients, providing
training materials either on the internet or through written
materials, sending IT support to patient homes if necessary, or
helping them remotely and often training providers to
troubleshoot issues to some degree.

Technology Support for Electronic Failure and Vendor
Changes
Ensuring institutional support is essential both for the technology
and to ensure seamless integration [13] into existing
appointment, scheduling, documentation, panel management,
and billing systems. Avoiding workarounds specific to research
requires advance planning and ample time for reviews,
https://www.jmir.org/2021/9/e29511
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approvals, and coordination across multiple business groups.
Electronic failure and poor signal quality are unavoidable,
especially in remote areas [14]. Contingency plans must be in
place, for instance, to quickly switch from video to phone when
connectivity is not reliable to avert unnecessary frustrations.
Having service line agreements in place will ensure that IT is
highly responsive to troubleshooting technical issues. Moreover,
as change is the only constant with technology vendors,
multiyear studies must be agnostic and agile in building for,
using, and adapting to multiple platforms over time.
To this end, the inflammatory bowel disease Specialty Medical
Home trial included contingency plans at all sites to use a video
platform outside the EMR as a backup, a flexibility facilitated
by COVID-19-related reduction in HIPAA regulatory
requirements. Furthermore, HomePal began their study using
two different video platforms across providers and sites with
the knowledge that they would be replaced with another
enterprise-wide platform about a year later. Prepping providers
and patients ahead of time about that possibility is important
and allowed for setting expectations regarding additional training
and limited attachment to one platform. This is true for both
clinic-to-clinic and clinic-to-home settings, especially the latter,
where patients do not have the same access to IT support as
they would in a clinic.

Regulatory and Reimbursement
Navigation
Overview
Telemedicine studies may face fewer regulatory and
reimbursement issues in integrated systems of care (ie, the
Veteran’s Administration and Kaiser Permanente) as distant
and host sites are in the same health care system. All patients
are enrolled in the same EMR, and no additional credentialing,
privileging, or insurance paneling of telemedicine providers is
required. Credentialing is the process of assessing and
confirming the license or certification, education, training, and
other qualifications of a licensed or certified health care
practitioner), and privileging is the process of authorizing a
health care practitioner’s specific scope and content of patient
care services [15].
In nonintegrated systems of care, scheduling and delivering
health care via interactive video can be approached through
enrollment in the health care system of the distant site, which
requires no additional credentialing, privileging, or insurance
paneling for providers. Billing for telemedicine encounters is
efficient when done at scale, but providers do not have direct
access to EMRs at the host site, increasing the potential for
duplicative services (eg, medical tests), over-or
contraindicated-prescribing, and lack of care and research
coordination. Patients might also face unfamiliar health care
and scheduling systems, as well as cost-sharing requirements.
A more integrated, patient-centered, and potentially safer
approach is to have distant site providers credentialed and
privileged to practice, chart, and bill from the host site [16].
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Billing and Remuneration
Medicare coverage analysis is typically performed to determine
which expenses are considered study-related and which expenses
are considered standard of care. For billing of study-related
expenses, setting up a protocol for invoicing to the prime
institution that includes payment terms, timelines, and an invoice
template that reflects the terms of the executed agreement will
ensure there are no gaps in research activities as a result of
billing or payment issues. If a Medicare coverage analysis
determines that telemedicine service is the standard of care,
then the Centers for Medicare & Medicaid Services regulations
and payer procedures will dictate how telemedicine services
are reimbursed as a standard of care as a function of state [17].

Contracting and Budgeting (Indemnity)
The prime institution is responsible for working with
participating sites to establish subcontracts. Executing a
subaward involves negotiation of terms and fees, which often
vary according to each site’s local laws and institutional policies.
The scope of work and proposed budget should be prepared
ahead of time to allow participating sites to make revisions
based on current institutional rates, anticipated personnel effort,
and applicable fees for licensing and credentialing. Valuable
time may be saved during contract execution if the budget has
been completed and reviewed by the subrecipient before the
negotiations. Investigators with the Improving Specialty-Care
Delivery for Chronic Skin Diseases study engaged with
performance sites at the beginning of the proposal development
timeline to establish working relationships with the relevant
administration and understand institutional contracting
procedures and policies. The primary study team was able to
receive approval for the financial aspects of all subrecipient
efforts before the notice of the award. With these subawards
preapproved and key entities from each institution actively
engaged, project researchers saved valuable time and were able
to begin study conduct at the satellite sites as much as 8 weeks
sooner than if budgetary considerations had not already been
finalized.
Malpractice is a concern for telemedicine encounters because
of the lack of legal precedents. If the distant site specifies the
host site as an approved site of practice, it will ensure that their
distant site’s indemnification coverage extends to the provider.
However, the distant site’s malpractice insurance will not cover
the host site if named in a lawsuit; the host site will need to
purchase supplementary gap indemnity coverage for
telemedicine encounters [16].

Institutional Review Board
The National Institutes of Health policy number
NOT-OD-16-094 advises that multisite trials use a single
institutional review board (SIRB) to conduct and oversee the
protection of human subjects (US HSS, 2016) in an effort to
streamline the ethical review process and reduce administrative
burden and redundancies inherent to multiple review boards.
Although SIRB use may increase the speed of protocol approval,
the policy introduces challenges, including the selection of an
appropriate institutional review board of record and agreement
from institutions to cede review to an outside review board [18].
https://www.jmir.org/2021/9/e29511
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Use of an SIRB system requires strict adherence to the approved
trial protocol from participating sites to ensure the safety of
subjects and scientific rigor across the study. Communication
and reporting mechanisms for adverse events or unanticipated
problems, protocol deviations, and study progress should be
established before the initiation of the study. In addition, a
standard operating procedure for the storage and maintenance
of regulatory documents should be developed and distributed
to participating sites to ensure that the sites agree to follow. The
coordinating site for reporting and maintenance of regulatory
items should establish clear communication and reporting
expectations from the outset for the safety and integrity of the
trial. The Improving Specialty-Care Delivery for Chronic Skin
Diseases trial study team used an SIRB (the University of
Southern California Institutional Review Board) to oversee the
clinical trial conduct and monitor participant safety across
participating sites (University of Colorado and University of
California, Davis). Therefore, amendments to procedures and
study documents, protocol deviations, and reportable events
were submitted to and reviewed exclusively by the University
of Southern California Institutional Review Board. For this
study, using an SIRB for the multisite trial enabled a
streamlined, consistent, and efficient process for oversight of
study conduct, patient safety, and enrollment details. In this
model, designated individuals from the University of Southern
California
coordinating
team
established
frequent
communication procedures before conducting research. These
procedures included weekly team meetings, regular email
updates, and a mechanism for requesting ad hoc meetings in
the event of a time-sensitive item requiring urgent principal
investigator input. The primary site developed and coordinated
training activities for all performance site personnel on the
institutional review board–approved research protocol and
distributed detailed standard operating procedure documents in
advance of study activation at each site. Site staff at the primary
site were also available for questions and supplemental training,
as needed. Frequent and regular communication across sites
and standardized and contemporaneous training materials
contributed to the well-being of enrolled participants, as
study-wide compliance to the research protocol was indicated
by the lack of major protocol deviations over the course of the
study.

Design and Initiation
Overview
Constantly evolving technology, regulations, and payments
create significant challenges in the rigor and selection of the
study design (ie, parallel control or stepped wedge,
quasi-experimental, cluster, or individual-level randomization)
and conduct of any comparative effectiveness telehealth study,
as these decisions can have substantial implications for
implementation success within most complex, adaptive systems
[19,20]. Several study design issues should be considered when
implementing large, multisite trials involving telemedicine.

Comparators and Outcome Measurements
Usual care and other comparators change over time as
telemedicine becomes more mainstream, making it harder to
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maintain the comparison. It should be noted that significant
changes in the delivery of telemedicine occurred during the
recent pandemic that likely impacted these types of clinical
trials. However, it is too early to objectively assess the extent
of the impact and how it will affect these and future trials.
Furthermore, understanding a study’s outcome measures and
how the data can be collected pragmatically while making use
of EMR data is important. The SUMMIT trial will conduct a
thorough process evaluation to determine relevant barriers and
facilitators of telemedicine-delivered sessions from a
multistakeholder perspective, including study participants,
identified significant others, treatment providers, and other
clinicians. This evaluation will answer key digital technology
questions in mental health care [21], including the risks and
benefits of using telemedicine versus in-person treatment for
mental health care needs. The inflammatory bowel disease
Specialty Medical Home trial carefully tracks fidelity to
face-to-face versus telemedicine care delivery and records
reasons for any cross-contamination observed. Regular meetings
are conducted with clinical and research teams, as well as the
study statistician, across the three sites and these are also
monitored by the stakeholder advisory board to minimize
cross-contamination.

Cross-contamination
In designing multisite trials, it is important to consider the
prevention of cross-contamination between arms when
examining the efficacy of telemedicine-delivered care compared
with another arms. This aspect is closely tied to the study design
(eg, randomization at the site, provider, or individual patient
level). Developing implementation rules, involving key
stakeholders in development, and physically separating
implementation platforms can be useful in avoiding
cross-contamination. Sharing clear rules of telemedicine-based
arms with key stakeholders is essential, including study
participants during informed consent, treatment providers during
training, and others who may prefer one arm versus another (eg,
referring clinicians). Arms can also be separated by training
one cadre of providers to use the telemedicine-based platform,
whereas the other uses the alternative. Finally, including key
stakeholders in study development provides the opportunity to
identify relevant barriers [22] and ensures a more holistic and
patient-centered approach. The C3FIT study was randomized
by clinical site and went to great lengths to keep their two study
arms separated, appointing different personnel to work
exclusively with each arm, holding separate arm-specific
meetings, and sending separate communication, including
tailored versions of monthly newsletters and other
correspondence. It is also important to acknowledge that
researchers cannot control every aspect of a study, including
technology. For example, during the COVID pandemic,
non–HIPAA-compliant technologies were allowed, and even
though a study might require a specific platform, some providers
might have chosen to use a different platform because it was
more expedient, which is a potential source of
cross-contamination.
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Telemedicine Platform Training Protocol
Developing a training protocol is critical for ensuring quality
patient care and meaningful outcome data. Providers and site
staff should be trained accordingly, as additional participating
sites will likely introduce increased variability in the use of the
platforms. To ensure standardization, a training protocol that
includes a detailed, step-by-step description of how and when
to use the platform should be developed. In-person training
sessions, video tutorials, and informational sheets are helpful
resources to provide participating site personnel to ensure
consistent adherence to the telemedicine platform procedures.
C3FIT included a combination of recorded video training using
a web-based training platform combined with short, focused,
and ongoing web-based meetings with site personnel to reinforce
training and have continued to reinforce these messages as the
trial commenced. Role playing and superuser testimonials and
tips were helpful components of HomePal’s web training
sessions. In the Improving Specialty-Care Delivery in Chronic
Skin Diseases study, the main training and procedural
components mandated for each site before activation were
completion of a tutorial use of the selected telemedicine
platform. Research coordinators, investigators, and providers
were provided with a standardized training session customized
to their role in the study and their access within the platform.
For example, research coordinators were trained specifically
on registration of patients to the web-based system, instructions
for patients on how to use the platform to submit cases, and use
of scheduling and messaging functionality of the system.
Training for dermatologists and primary care physicians focused
primarily on how to review patient cases, submit
recommendations and prescriptions, and communicate securely
with the patients, other providers, and the study team via the
web-based platform. Training materials developed by the
coordinating center were available for review by participating
site personnel at any time to ensure consistent adherence to the
telemedicine platform procedures.

Health Disparities
The fundamental aim of telemedicine is to increase access to
care [23]. However, as with any new technology, adoption is
often not equitable, and considering the impact on disparate
populations is essential. Contributors to disparities [24] include
the global divide between high- and low-income societies, a
social divide between the information-rich and information-poor,
and a democratic divide between those who use digital tools to
engage in public life and those who do not. The potential for
telemedicine initiatives to improve health care access [23] and
reduce health disparities has been widely noted [25-28],
particularly given ongoing physician and specialty shortages in
rural areas. Telemedicine offers an almost unprecedented
opportunity to break down geospatial barriers to care and expand
access for underserved populations. Likewise, well-designed
multisite trials have the potential to identify, refine, and provide
evidence on how telemedicine can be used to reduce
socioeconomic, racial, ethnic, and geographic disparities in care.
Although great promise exists, disparities in access to care
continue and are driven by complex issues that often require
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broad infrastructure investments to correct [27,29]. Rural and
underserved areas considering telemedicine implementation
face high equipment and start-up costs, limited personnel and
reimbursement, and interoperability issues that limit
collaboration [27,29], as well as policy and regulation
restrictions [27]. Furthermore, inadequate access to broadband,
particularly among rural residents, can limit access to
telemedicine services [30], as can sociodemographic differences
[27].
Since its beginning, telemedicine has sought to bridge these
divides, but researchers must be conscious of these inequities
and make efforts to not perpetuate them in the design and
conduct of their studies. Multisite telemedicine intervention
trials may maintain or increase existing disparities rather than
decrease disparities for a number of reasons, as described below:
1.

2.

3.

1. The telemedicine program or intervention must be
designed for clinics, hospitals, or institutions that serve the
most disadvantaged populations. If clinical sites can more
easily use and implement the program or intervention, there
is an increased likelihood of a stronger health impact for
disadvantaged populations. For example, if limited English
proficiency patients and families cannot be accommodated
during telemedicine visits, the potential impact may be
limited to an important and often disadvantaged population
[31]. In the Telehealth-Co-ordinated Referral project,
researchers brought a federally qualified health center, local
community mental health clinics, and parents together to
design and implement an intervention to fit the resources,
capacity, and needs of its stakeholders (primary care
clinicians, specialty mental health care clinicians, and
parents) [32].
2. The program or intervention must be acceptable to its
users, including providers, staff, patients, and families. For
example, providers who care for more underserved patients
often work in clinical facilities that are less resourced [33].
If these providers find the intervention too cumbersome for
participation because of limited resources (eg, lack of
sufficient nursing staff), they may be less likely to fully
engage, thus altering the potential impact on the most
disadvantaged
patients.
Another
example
is
direct-to-consumer (DTC) telemedicine, which should be
accessible preferentially by patients in more rural areas and
in areas designated as Health Resources and Services
Administration and primary health care professional
shortage areas; however, a recent study of DTC
demonstrated that users of one DTC service were not
preferentially located in rural or primary health care
professional shortage areas [34].
3. The study protocol must be designed with the most
disadvantaged group. For example, if the study protocol
requires patients to complete a lengthy written survey,
patients with lower literacy levels may be less likely to
complete it; thus, the impact on these patients will not be
well understood [35]. If the study requires patients to
provide a social security number to receive a study
incentive, undocumented immigrant patients may decline
enrollment because of fear of immigration enforcement
[36-38].
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Connect.Parkinson, one of the first national randomized
controlled trials to assess the feasibility, value, and benefits of
specialist-led telemedicine visits for Parkinson disease,
demonstrates the ability of telemedicine to address geographic
barriers to care. Participants from roughly 20 US states, many
in remote locations, participated in >90% of the visits completed.
Each visit saved patients and their caregivers about 100 miles
of travel and 3 hours of time. Thousands expressed interest in
this telemedicine study, and the care model, assessed in 2014,
foresaw the large latent demand and high receptivity for
telemedicine among many older adults that emerged during the
COVID-19 pandemic [39,40]. A limitation of this trial was that
although it did address geographic disparities, it did not address
social disparities, as the majority of participants were White
and college educated. However, given the positive outcomes
for these patients with Parkinson disease, this trial could readily
be translated to more disadvantaged populations.
Researchers engaging in multisite telemedicine trials can do
several things to enhance their study’s ability to reduce health
disparities:
1.

2.

3.

4.

Understand the underlying pre-existing health and health
care disparities that relate to telemedicine intervention under
study in the trial.
Incorporation of health systems, providers, staff, and
patients that represent the most disadvantaged groups as
partners and collaborators in the study design,
implementation, planning, and conduct.
Design the trial to collect reliable demographic data on race
and ethnicity, language, income, and rurality (at least) for
all participants.
Power the study so that intervention impact can be studied
by participant demographic factors (ie, race and ethnicity,
and language). This may require certain populations to be
overrepresented in their recruitment strategy.

HomePal addressed disparities in digital access and literacy by
using telepresenters in the form of nurses who were at home to
facilitate a remote video consultation with physicians. These
nurses could work out any technology and clinical issues, which
lessened the impact on patients and caregivers, which is
particularly important for those without a supportive home
environment. Furthermore, C3FIT sought to decrease access
and financial barriers when COVID-19 prohibited in-person
visits by providing internet-enabled tablets to participants who
did not have access to a smartphone or computer to conduct
study visits. The Connect.Parkinson trial mailed a webcam to
participants who did not have one, and the SUMMIT study
provided tablets to participants lacking access to technology.

Implementation and Sustainability
Overview
Sustainability may differ depending on the specific intervention
being evaluated (eg, telemonitoring, telediagnostics, video
consultations, and telecounseling). Implementation planning
will benefit from using several frameworks to assess potential
facilitators and barriers [41-43], readiness for large-scale trials
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[44], and adjustment of study design or approach to maximize
pragmatism in real-world settings [45].

Ensuring Health System Leaders, Providers, and
Support Staff Buy-in
Pearl [46] identified five key areas to improve physician
engagement in telehealth that readily apply to getting buy-in
for research projects:
1.

2.

3.

4.

5.

1. Communicate the Why: Understanding the research and
patient value, including the convenience of receiving
medical care without travel or missing school and work,
tends to resonate with physicians and other personnel.
HomePal physicians were sold on using video visits and
saw improved efficiency in seeing patients and reductions
in windshield time; however, this benefit was not seen by
home-based nurses, who managed both technology and
synching up with physician schedule and availability [47].
2. Compensate appropriately: compensating physicians
based on relative value units or production incentives can
be incentives for the adoption of telehealth and engagement
in research, but including them as coinvestigators on grants
and authors on publications can incentivize participation
as well. Setting performance targets and incentives may
assist by motivating the competition.
3. Keep it simple: Cumbersome and flawed IT that requires
multiple applications and clicks to move through will
impede physician adoption and potentially impact data
quality.
4. Mind the workload: In general, telemedicine visits require
the same time commitment as in-person visits; the provider
should be given adequate support and staff to encourage
its use and to carry out any additional research tasks.
5. Invest in the culture: a shared EMR and technology and
ensuring that rather than being penalized, providers will be
encouraged to use telemedicine innovations will improve
adoption and research engagement.

Patients and Family Caregiver Engagement
To optimize the engagement and representativeness of the study
sample, designs must allow the care team to frame and set
expectations that telemedicine tools will be used as appropriate
for routine care to best meet the needs of patients and families.
This approach allows for tailoring the technology to the needs
and preferences of patients and families and the clinical
situation, which ultimately reflects real-world practices. Video
visits may not be appropriate for many older patients with
hearing or vision impairment; however, video facilitates lip
reading and is considered superior to phone if transportation to
a clinic is not possible. Furthermore, patients and families must
be assured that they can still easily access clinic visits or have
a clinician to make a home visit if needed. Using home health
staff to facilitate video consults with providers may overcome
access disparities for the most vulnerable homebound
populations [48,49]. This was especially important for HomePal,
as their physicians could still make home visits if the video
consults suggested a need to do so, which led to increased
assurance by the patient and family regarding quality of care.
Using video allowed multiple family caregivers to join the
session if needed to ensure a care plan agreement.
https://www.jmir.org/2021/9/e29511
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Sustainability
Positive developments with telehealth regulations and payments
in the United States have set the stage for telehealth to be an
integral tool for care delivery. Thus, research questions will
focus less on whether telehealth tools are effective or as good
as the in-person gold standard, and more on how specific tools
can be best leveraged, under what conditions to enhance quality
of care and outcomes as systems and regulations evolve [50];
the telehealth intervention tested at the start of the study may
not be the same at the end of the study. The pragmatic study
design helps, in general, to foster sustainability after the study
is completed.

Leadership and Funding
The importance of strong leadership and adequate funding in
the development and implementation of successful telemedicine
trials is especially important and cannot be understated.
Telemedicine and telehealth service research has stressed the
importance of identifying champions who can promote uptake,
legitimize services, build relationships, and work through
implementation challenges [20,51]. Having champions when
building and executing telemedicine trials is essential, not only
at the lead site or sites but also at clinical sites to allow working
through institution-specific processes and barriers.
Although understanding the specific resources required to
support telemedicine trials is still evolving, these types of trials
are often expensive and require more resources than traditional
trials. To obtaining sufficient funding, leaders who can advocate
for and incorporate creative approaches to support may
frequently be necessary. One question is whether to pay for
clinical services out of a grant. Although possible, this should
be used with caution to avoid creating potential bias in the trial
(ie, including only insured patients). As with traditional clinical
trials, every effort should be made to include as many
patient-related expenses in the grant budget as much as possible.
It is important to include telemedicine-specific items such as
devices (eg, smartphones, tablets, electronic scales,
blue-tooth-enabled blood pressure monitors), as in the C3FIT
study. In many trials, these can be cycled through different
patients as each patient completes the trial.
In many cases, grant funding alone is not adequate to cover all
trial expenses. Researchers need to be creative at times to cover
these expenses. For example, there are a number of companies
with telemedicine products and platforms that are willing to
collaborate on trials sometimes providing technology for free
or at reduced prices with the hope that they will be included in
future clinical budgets if they perform well. There are also state
and federal programs designed to help providers and patients
with telemedicine technology support. For example, during the
COVID-19 pandemic the Federal Communications Commission
had at least two rounds of funding, with one having dedicated
funds to help patients with device and internet access.

Discussion
This manuscript provides a blueprint of lessons learned from
seven PCORI trials in various stages of development and design
through training and implementation, as well as the impact on
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disparities. A feasible approach for telemedicine implementation
is a necessary part of any telemedicine research study, and must
be integrated into the study protocol and timeline, and this
blueprint represents perspectives and provides potential solutions
from researchers across the continuum, from just beginning
their research to further in the process of completing multisite
telemedicine trials.

disadvantaged group [54-56]. If the intervention works equally
well in all groups or populations, disparity will be maintained.
If the intervention works better in the more advantaged group,
the disparity will widen. Without this type of blueprint for
multisite telemedicine trials, we may miss the opportunity to
create and implement telemedicine programs that actually
improve existing disparities.

Consumers, major drivers of telemedicine use, point to improved
convenience and access to care as important benefits. Research
has found high numbers of consumers who rate the convenience
and access improvements important and are willing to try
telemedicine visits [52], as well as extremely high levels of
satisfaction [53]. This suggests that use of telemedicine and its
use in multisite trials will only increase if designed and
implemented successfully.

The populations that telemedicine serves will also expand from
episodic to chronic conditions. Motivation for use will also
expand from convenience to access to better patient-centered
care. Finally, telemedicine applications will expand from
hospitals and clinics to home and mobile devices [57]. As this
migration occurs, many patients will require the support of local
clinicians, such as those in community-based outpatient clinics
that support millions of veterans [58]. These changes, combined
with increasing access to the internet and familiarity with its
health applications, will enable larger and more representative
populations to participate in research. The challenge will remain
to meet these individuals on their terms and to support them
with services that are tailored to their needs.

Minority and low-income populations have difficulty accessing
care because of age, health, social support, location of medical
centers, and numerous other social issues. There must be a
greater positive impact on the most disparate or most
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Abstract
Background: An Ostomy Self-management Telehealth (OSMT) intervention by nurse educators and peer ostomates can equip
new ostomates with critical knowledge regarding ostomy care. A telehealth technology assessment aim was to measure telehealth
engineer support requirements for telehealth technology–related (TTR) incidents encountered during OSMT intervention sessions
held via a secure cloud-based videoconferencing service, Zoom for Healthcare.
Objective: This paper examines technology-related challenges, issues, and opportunities encountered in the use of telehealth
in a randomized controlled trial intervention for cancer survivors living with a permanent ostomy.
Methods: The Arizona Telemedicine Program provided telehealth engineering support for 105 OSMT sessions, scheduled for
90 to 120 minutes each, over a 2-year period. The OSMT groups included up to 15 participants, comprising 4-6 ostomates, 4-6
peer ostomates, 2 nurse educators, and 1 telehealth engineer. OSMT-session TTR incidents were recorded contemporaneously
in detailed notes by the research staff. TTR incidents were categorized and tallied.
Results: A total of 97.1% (102/105) OSMT sessions were completed as scheduled. In total, 3 OSMT sessions were not held
owing to non–technology-related reasons. Of the 93 ostomates who participated in OSMT sessions, 80 (86%) completed their
OSMT curriculum. TTR incidents occurred in 36.3% (37/102) of the completed sessions with varying disruptive impacts. No
sessions were canceled or rescheduled because of TTR incidents. Disruptions from TTR incidents were minimized by following
the TTR incident prevention and incident response plans.
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Conclusions: Telehealth videoconferencing technology can enable ostomates to participate in ostomy self-management education
by incorporating dedicated telehealth engineering support. Potentially, OSMT greatly expands the availability of ostomy
self-management education for new ostomates.
Trial Registration: ClinicalTrials.gov NCT02974634; https://clinicaltrials.gov/ct2/show/NCT02974634
(J Med Internet Res 2021;23(9):e26545) doi:10.2196/26545
KEYWORDS
telehealth; telemedicine; cloud computing; ostomy; cancer survivors; family caregivers; self-management; patient education;
videoconferencing; mobile phone

Introduction
Background
An intestinal stoma, or ostomy, is a surgically created opening
in the abdomen that provides an alternate pathway for stool or
urine to exit the body. An ostomy may be needed for a patient
due to cancer, trauma, inflammatory bowel disease, bowel
obstruction, infection, incontinence, or diverticular disease [1].
According to the United Ostomy Associations of America,
approximately 100,000 ostomy surgeries are performed annually
in the United States [2]. Ostomies have been shown to be
associated with multiple health-related quality of life difficulties,
irrespective of the type of or reason for ostomy [3]. Ostomy
complication rates of 21%-70% have been reported in previous
studies [4].
Successfully caring for and living with an ostomy requires the
development of specific skills and regimens by the patient.
Without proper care, ostomy sites may develop irritation or
infection. Ostomates may develop psychosocial complications
if they lack knowledge of ostomy self-management or coping
skills. Many ostomates face multiple barriers to support and
resources, such as travel distances, lack of transportation,
financial restrictions, and lack of access to certified wound,
ostomy, and continence nurses (WOCNs) [5].
A systematic review conducted by Faury et al [6] found that
patient education programs have a positive impact on certain
psychosocial and self-management skills for colorectal cancer
survivors with ostomies. However, no consensus has been
reached regarding the optimal curriculum content and delivery
method. Our previous studies have examined the unique
patient-reported challenges faced by colorectal cancer survivors
with ostomies, highlighting the importance of education, skill
building, and emotional support (both formal and informal) [7].
It is critical to develop accessible survivor education programs
that address the needs, concerns, and struggles experienced by
cancer survivors with ostomies.

Objectives
We developed the Ostomy Self-management Telehealth (OSMT)
intervention to help ostomates learn to care for their ostomy
sites and adapt to living with an ostomy. The program content
was first delivered in an in-person setting in which WOCN
educators taught new ostomates about ostomies, ostomy care,
and life with an ostomy. The curriculum design provided an
opportunity for new ostomates to learn from people with
long-term ostomies (peer ostomates) who have successfully
https://www.jmir.org/2021/9/e26545
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adapted to life with an ostomy [5,7,8]. While this program was
beneficial for cancer survivors with ostomies, survivors had
barriers to participation [8]. Programs that deliver education to
patients with advanced disease may face participant attrition
due to disease progression and other limitations that would
prompt withdrawal from the program [9]. Technology-aided
alternatives such as videotaped education or computer-aided
instruction provide accessibility but sacrifice the interactivity
and active discussion offered by in-person education sessions
[10].
Telehealth is potentially a preferred alternative for delivering
self-management education to patients with chronic diseases
[11,12]. However, patients face potential technology barriers
as well, including challenges related to their preparedness to
participate in videoconferencing, suitability of various types of
videoconferencing devices, and local network connectivity
management issues [13-17]. This paper aims to examine
technology challenges, issues, and opportunities encountered
in the use of telehealth in a cancer survivor education program
[12-15].

Methods
Recruitment and Design of the OSMT Intervention
The overall design of the OSMT intervention, including the
block randomization method, has been described in detail
elsewhere [5]. The OSMT program is a multisite group
intervention designed to support self-efficacy and patient
activation for ostomy self-management among cancer survivors.
This study was approved by the Human Subjects Protection
institutional review boards of the participating research sites.
The OSMT program was delivered to 21 consecutive groups of
ostomates via a series of 4 telehealth sessions conducted by a
team of trained WOCN educators and peer ostomates (hereafter
referred to as peers). A fifth group education session that
ostomates did not attend was delivered via telehealth to family
caregivers (FCs) or support persons (SPs). OSMT sessions
typically lasted 90-120 minutes and were generally held weekly.
Study participants were recruited from health care delivery sites
in 3 cities: City of Hope National Medical Center in Los
Angeles, California; the Hospital of the University of
Pennsylvania in Philadelphia, Pennsylvania; and Yale-New
Haven Medical Center in New Haven, Connecticut. This study
enrolled cancer survivors who were English-speaking, aged ≥21
years, and underwent ostomy surgery at least 6 weeks before
the first session. FCs or SPs aged ≥21 years who provided
assistive care for the patients were also enrolled, although their
J Med Internet Res 2021 | vol. 23 | iss. 9 | e26545 | p.794
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participation was not a requirement for patient enrollment.
Participants were randomized to either the intervention arm or
the usual care (UC) arm. Participants in both arms were given
information postoperatively on ostomy-related resources in their
respective areas; however, the study team did not provide UC
arm participants with the OSMT program.

Telehealth Design, Preintervention Preparations, and
Technological Support for Participants
The OSMT program used telehealth technology managed and
supported by the Arizona Telemedicine Program (ATP) at the
University of Arizona’s College of Medicine, in Tucson,
Arizona [5,14,15]. OSMT sessions with groups of ostomates
were held via the Zoom for Healthcare encrypted
videoconferencing service provided by Zoom Video
Communications Inc. The Zoom for Healthcare service enables
secure group video calls (SGVCs). A Health Insurance
Portability and Accountability Act business associate agreement
between the University of Arizona’s ATP and Zoom Video
Communications was executed as required.
In this OSMT intervention, the OSMT trainee groups were
linked into SGVCs as virtual training groups. Before the first
session of the OSMT curriculum for each OSMT group, study
coordinators from each accrual site paired up with the ATP
telehealth engineers to train participants on the technologies
they would use to participate in the SGVCs. ATP implemented
telehealth technology incident prevention plans (IPPs) and
incident response plans (IRPs). IPPs included instructing,
testing, and requesting participants to connect up to 30 minutes
early for the scheduled OSMT sessions to allow time to resolve
any last-minute technical difficulties before the start of the
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session and after telehealth technology–related (TTR) incident
follow-up to ensure that any problems were fully resolved.
Instruction was provided to ostomates and respective FCs or
SPs on loading the Zoom (hereafter referred to as
videoconferencing software) app on their engagement device
of choice (a PC, laptop, smartphone, or tablet), on using basic
videoconferencing software controls, and on following privacy
and SGVC etiquette during the OSMT sessions. These
instructions and pre-OSMT-session test video calls were
designed to familiarize all participants with commonly used
videoconferencing software features, such as muting and
unmuting the microphone, enabling and disabling sharing of
their video camera’s image, and the positioning of their video
camera. If participants did not have an engagement device or
an internet connection, a study tablet was loaned to them. The
IRPs were uncomplicated. ATP telehealth engineers staffed
each OSMT session in-person to provide an immediate response
to any TTR incidents that occurred. In cases where participants
encountered technology difficulties (problems with network
connectivity or videoconferencing devices) or needed additional
assistance with the videoconferencing software platform, ATP
telehealth engineers could immediately and often proactively
provide technical support as needed. Ostomates and their
respective FC or SP generally participated in OSMT sessions
from home but could also optionally connect from an alternative
location with adequate privacy and broadband internet
connectivity.
PCs and laptops were the most common types of devices used
by intervention patients to connect to OSMT sessions, followed
by tablets and smartphones (Table 1). Most patients used a
single device for all of their OSMT sessions.

Table 1. Devices used to connect to Ostomy Self-management Telehealth (OSMT) sessions by 93 intervention patients that participated in OSMT
sessions.
Device

Values, n (%)

PC or laptop

45 (48)

Tablet or iPad (Apple Inc)

26 (28)

Smartphone

11 (12)

Unknown

10 (11)

More than 1 device

1 (1)

Ostomy Self-management Telehealth SGVCs
SGVCs included up to 15 participants per session, including up
to 6 ostomates, 6 peers, 2 WOCN educators, and an ATP
telehealth engineer. Generally, 2 WOCN educators staffed each
OSMT session. This paradigm was not intended for
tandem-teaching; rather, 1 WOCN educator was responsible
for teaching all 4 patient-training units and the other taught the
FC and SP training unit. In addition, 4-6 peers were integral to
the delivery of the curriculum and discussion. Each WOCN
educator provided backup and support to the other for the OSMT
sessions as needed. Session disruptions for any reason during
multiparticipant OSMT sessions were of concern because they
are distracting and waste multiple participants’ time
simultaneously. The built-in redundancy of WOCN educators
and peers helped alleviate such occurrences.
https://www.jmir.org/2021/9/e26545

XSL• FO
RenderX

New cohorts of ostomates for the OSMT program were created
on a rolling basis as new ostomates accrued to the intervention
arm of the study. The pair of WOCN educators connected to
all group sessions from a Health Insurance Portability and
Accountability Act–compliant videoconferencing room in the
ATP office suite on the first floor of the Arizona Health Sciences
Library, located at the University of Arizona campus in Tucson
[14]. In general, peers participated from their homes.

Telehealth Support Operations
At the ATP headquarters in Tucson, Arizona, the ATP engineer
on duty joined the 2 nurse educators in the ATP
videoconferencing room for each OSMT session. This setup
allowed for expedited technical assistance and troubleshooting
by the ATP telehealth engineer during the sessions. During each
OSMT session, the engineer responded immediately to any
J Med Internet Res 2021 | vol. 23 | iss. 9 | e26545 | p.795
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technical problems (eg, loss of audio or telecommunications
network instability). For complex support incidents requiring
more than a few minutes to rectify, the engineer would
physically relocate offline to the ATP’s Control Room on the
same floor as the ATP videoconference room, approximately
50 feet away, and work with the participants experiencing TTR
problems to resolve the problem and assist them in reconnecting
to their session. The engineer then returned to the
videoconferencing room with the WOCNs to continue
monitoring and supporting the ongoing session.
The ATP telehealth engineers each had decades of experience
working in the telehealth industry. They had extensive prior
experience working with rural telehealth site coordinators,
nurses, and the public, but had little prior experience working
directly with patients.
Based on the study protocol and participant agreement, OSMT
sessions were not recorded in the interest of preserving the
privacy and confidentiality of the ostomates and FCs or SPs
participating in each session. In the United States, it is standard
practice in most clinical telehealth applications not to record
videoconferencing sessions with patients.

Outcomes and Data Collection
Throughout this study, data on telehealth support, participant
acceptance, technology-associated problems, and related
outcomes were collected using several approaches. TTR
observations from WOCN, peer, and telehealth engineer field
notes were stored in the form of contemporaneous notes in the
master data set of the OSMT-session data. The comments also
included non-TTR observations.
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The observations were classified into 2 categories. A major
incident involved telehealth engineer intervention. A minor
incident did not require telehealth engineer intervention and
could be resolved by an ostomate, a peer, or a WOCN nurse
educator. The field notes collected were reviewed to identify
and count the TTR incidents experienced in each session. Study
coordinators collected the session data and field notes recorded
by the OSMT program team and stored them in a study database
that contained all OSMT-session written observations. In
addition, reasons for declining study participation owing to
technical problems or attrition due to technical problems were
also recorded as part of the study implementation data.

Data Analysis
All comments containing TTR observations were analyzed by
an ATP telehealth engineer to identify TTR support incidents
and to determine whether an engineer intervened for each
incident. Each TTR incident was counted as major if an engineer
intervened and minor if an engineer did not intervene. TTR
incidents were also categorized by audio, video, internet
connection, software, or equipment problems. TTR incidents
with no details about the nature of the problem were categorized
as unspecified. Specific search terms were used to identify
technology-related concepts and comments for analysis purposes
(Textbox 1). All categorized data were reviewed by the research
team. Data that were discordantly categorized were discussed
by the research team, and a consensus decision was made.
Counts for all groups and categories of TTR incidents were
tallied using descriptive summary statistics (frequencies,
percentages, etc).
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Textbox 1. Technology search terms.
Search Terms
•

Android

•

App

•

Audio

•

Broadband

•

Call (nonspecific, but useful, “technology term” identifiers)

•

Camera

•

Cellular

•

Computer

•

Connect(ed)

•

Connection

•

Data

•

Device

•

Disconnect(ed)

•

Display (nonspecific, but useful, “technology term” identifiers)

•

Drop(ped)

•

Hear (nonspecific, but useful, “technology term” identifiers)

•

Install

•

Internet

•

iOS

•

iPad

•

iPhone

•

Laptop

•

Light(ing) (nonspecific, but useful, “technology term” identifiers)

•

Mic (nonspecific, but useful, “technology term” identifiers)

•

Microphone

•

Mute (nonspecific, but useful, “technology term” identifiers)

•

Network

•

Phone

•

Screen

•

See (nonspecific, but useful, “technology term” identifiers)

•

Signal

•

Smartphone

•

Tablet

•

Technical

•

Technology

•

Telehealth

•

Telemedicine

•

Troubleshooting

•

Uninstall

•

Unmute

•

Video

•

WiFi
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•

Wired (nonspecific, but useful, “technology term” identifiers)

•

Wireless

•

Zoom

Results
Study Participation, Completion, and Telehealth Use
The study CONSORT (Consolidated Standards of Reporting
Trials) flow diagram [18] showing recruitment and retention is
presented in Figure 1. Of the 459 cancer survivors qualified for
participation in the study, 7.4% (34) declined participation due
to technology-related concerns. Of the 34 technology-related
concerns among qualified patients who declined participation,
88% (30) were related to fear of technology, and 12% (4)
claimed to have no prior experience with technology at all. Of
the 216 survivors who consented to participate in this study,
50.9% (110) were randomized to the UC arm, and 49.1% (106)
randomized to the OSMT intervention arm. Of the 106 survivors
randomized to intervention, 12.2% (13) subsequently opted not
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to participate in any OSMT sessions. The reasons for not joining
any sessions included the following: technology concerns 31%
(4/13), illness 15% (2/13), and opting out of the study 54%
(7/13). Of the 106 intervention participants, 87.7% (93) attended
at least 1 OSMT session. Of the 93 participants that attended
OSMT sessions, 86% (80) completed the OSMT curriculum
and 14% (13) did not complete the OSMT curriculum. The
reasons for not completing the OSMT curriculum included
technology concerns 15% (2/13), advanced illness or death 46%
(6/13), and no longer wanting to participate 39% (5/13).
Moreover, 21 UC participants and 28 intervention participants
did not complete the study for the reason lost to follow-up. Of
all participants lost to follow-up, 57% (12/21) of UC participants
and 39% (11/28) of intervention participants were lost to
follow-up at 6 months.

Figure 1. CONSORT (Consolidated Standards of Reporting Trials) flow diagram.
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Telehealth Technology–Related Incidents
OSMT-session field notes were logged for all 102 completed
group OSMT sessions. Frequencies of noted TTR observations
are presented in Table 2.
Occurrences of TTR incidents described in the OSMT-session
field notes were divided into two categories: major and minor
incidents (Table 3). Major incidents included a telehealth
engineer intervening to provide technical support such as
working one-on-one with a participant, offline from the session
in-progress in some instances, to resolve a range of problems

Weinstein et al
such as lack of audio or poor audio quality, camera placement
or image quality, or network performance to enable the
participant to rejoin the group. Minor incidents did not require
a telehealth engineer intervening. Some examples of minor
incidents include peers or nurse educators assisting participants
with microphone muting and unmuting controls, a participant
disconnecting and then reconnecting to the session on their own,
or a participant experiencing a minor degradation of audio or
video. Of the 102 completed OSMT sessions, 36.3% (37) had
at least 1 TTR incident noted (Table 3). No session had more
than 2 TTR incidents noted.

Table 2. Frequencies of Ostomy Self-management Telehealth sessions with 0, 1, or 2 telehealth technology–related incidents noted per session (n=102).

a

TTRa incidents noted per session

Values, n (%)

0 incidents

65 (63.7)

1 incident

28 (27.5)

2 incidents

9 (8.8)

TTR: telehealth technology–related.

Table 3. Frequency distribution of major and minor telehealth technology–related (TTR) incidents noted in 37 sessions that had at least one TTR
incident.
Type of telehealth technology–related incident noted

Sessions, n (%)

2 major and 0 minor

4 (11)

1 major and 1 minor

3 (8)

1 major and 0 minor

15 (40)

2 minor and 0 major

2 (5)

1 minor and 0 major

13 (35)

No OSMT sessions were canceled or rescheduled because of
TTR failure. A total of 3 sessions were canceled for reasons
unrelated to telehealth technology.
A total of 46 TTR incidents, occurring during a total of 37
OSMT sessions, were noted. In total, 21.5% (22/102) sessions
had a major incident. From the 46 TTR incidents, audio and
internet connection problems accounted for most TTR incidents
with a combined total of 36 (78%) incidents, whereas problems
with video, software, and equipment totaled 6 (13%) incidents.
Furthermore, 9% (4/46) of problems noted did not specify the
type of technology problem encountered.
Most TTR incidents were experienced by the ostomates, as
compared with the peers or the nurse educators. While 28 noted
incidents described technology problems primarily experienced
by ostomates (n=26) and caregivers (n=2), 16 technology
problems were experienced by peers (n=11), nurse educators
(n=3), or both peers and nurse educators (n=2). Two noted
incidents did not specify participants who experienced the
technology problem.

Telehealth OSMT Intervention Receptivity
The OSMT program was generally well-received, and many
intervention participants emphasized the ease and accessibility
of the OSMT program provided by the telehealth component.
One peer noted, after a particularly upbeat session, how
“superior” the telehealth format was compared to in-person
https://www.jmir.org/2021/9/e26545
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support groups because of the “ease in format for meeting and
communicating with people who live apart.” Comments from
peers and ostomates highlighted important aspects of the secure
telehealth real-time videoconference format for the OSMT
sessions, citing the “safe environment for expressions of
vulnerability and important emotions” and the reliability of the
telehealth platform to “function effectively despite severe
weather,” which would have discouraged travel to an in-person
meeting.

Discussion
Principal Findings
The results of this study are timely owing to the dramatic surge
in telehealth usage propelled by the COVID-19 pandemic. The
ATP’s telehealth engineers are experienced in supporting and
testing complex telemedicine networks in demanding
environments such as rural and prison environments with
unstable access to broadband telecommunications and
challenging cancer clinical patient-training settings such as the
multisite SGVC cancer survivor support training sessions for
ostomates, as described in this paper.
Multiple patient participants in SGVCs can potentially increase
the probability of session interruptions due to TTR incidents.
On the other hand, multiple participants in each session are also
desirable for enriching the learning experience for the patient
J Med Internet Res 2021 | vol. 23 | iss. 9 | e26545 | p.799
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participants and increasing the number of patients who complete
the training program. The probability of interruption or failure
to complete an OSMT training session for TTR reasons becomes
a factor in calculating the level of engineering support needed
to approach zero disruptions due to TTR reasons and the
cost-effectiveness of this intervention.
The ATP’s Clinical Research Unit specializes in implementing
and operating high-quality cloud computing, enabling patient
encounter environments. In our experience, the
videoconferencing platform used in this study was robust and
reliable throughout the OSMT sessions. However, there are
numerous well-recognized potential technical failure points that
can be barriers to successful participation in SGVCs, ranging
from problems with hardware, software, and network
connectivity to end-user training. For example, generally, all
SGVC participants are expected to install videoconferencing
software on a compatible device, work with telehealth engineers
to troubleshoot any TTR problems encountered when connecting
to the videoconferencing platform, learn to appropriately use
the microphone mute and unmute controls to prevent unintended
audio disruption of the OSMT session, and learn to produce
and manage their video image on camera.
This study designed and tested a novel telehealth engineering
support strategy for a cloud computing–based videoconferencing
clinical health care delivery model with a trimodal support
model consisting of a combination of IPPs and IRPs: (1)
proactive end-user onboarding and training to use their
respective technology suite to participate in OSMT SGVC
sessions; (2) telehealth engineer real-time in-session monitoring,
management, and support of OSMT-session participants,
including patients, peers, and nurse educators; and (3) proactive
telehealth engineer follow-up technical support and
problem-solving to address and resolve any TTR problems not
resolved during an OSMT session. In this randomized controlled
patient clinical trial, despite the occurrence of TTR incidents
in some OSMT sessions, no sessions were canceled due to TTR
failure. This high OSMT-session operational success level was
achieved by (1) incorporating 15-90 minutes of presession,
one-on-one patient-telehealth engineer instruction sessions; (2)
assigning an in-the-classroom dedicated telehealth engineer to
all sessions; and (3) including nurse educators, site coordinators,
and peers on the technology assistance team tasked with minor
technology problem resolution during the SGVCs, whereas the
in-the-classroom telehealth engineer handled both major and
minor technical problems encountered by OSMT participants.
OSMT for cancer survivors held via SGVCs, as described
herein, involves multiple new ostomates, multiple peers, 1 or
2 nurse educators, and a dedicated telehealth engineer in each
training session. The justification for inclusion of the dedicated
telehealth engineer was based on our previous experience that
disruptions in sessions may have serious negative ramifications
for participants. Disruptions of sessions due to technological
difficulties can elevate fear and doubt of technology in patients
and result in the accumulation of nonproductive time for training
group members. Technology issues are of potential concern for
multiuser cloud computer-based interventions for cancer support
groups [16,17,19-21]. This study was designed to determine
the frequency with which telehealth engineer support was
https://www.jmir.org/2021/9/e26545
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needed to address technical failures in OSMT sessions. Over
the duration of the OSMT study, no videoconferencing service
platform outages disrupted OSMT sessions. There are rare
instances when the videoconferencing service platform is known
to have experienced an outage or reduction in performance [22].
In this study, participants experienced a range of TTR incidents.
Problem areas included establishing sufficient network
connectivity for some participants, instructing participants on
technology configuration and operations, participants
remembering to mute or unmute their microphones or to enable
or disable their device camera, and participants achieving
sufficient illumination to allow others on the SGVC to see them.
In anticipation of potential technical incidents affecting patients
during SGVC sessions (eg, loss of audio or video camera
malfunction), redundancy of personnel was intentionally built
into the protocol for both the nurse educator components and
the telehealth technology support components of the OSMT
sessions. To accomplish this, 2 fully prepared nurse educators
were present in the videoconference room used by a pair of
nurse educators to lead OSMT groups in 94.1% (96/102) of the
sessions. The assigned telehealth engineer was stationed in the
videoconference room, rather than being at his usual site of
operations, a nearby videoconference control room. Nurse
educators became a part of the onsite technology team. They
were trained to step in and resolve minor technology issues
when the telehealth engineer was occupied with other support
tasks. Third, planned redundancy was incorporated into the
OSMT curriculum so that each ostomate could have full
exposure to the curriculum by attending three out of four training
sessions. These measures proved to be effective in minimizing
interruptions of OSMT sessions for technical reasons and
maximizing OSMT curriculum completion by ostomates.
Currently, rapid changes are occurring in the telemedicine
industry [13]. Use of telemedicine (health care services by a
physician at a distance) and telehealth (health care services
delivered by nonphysicians, eg, nurses, pharmacists, or
psychologists) is skyrocketing. Much of this is attributed to the
COVID-19 pandemic and the Stay at Home mandates of US
federal and state governments. It is estimated that there will be
close to a billion telehealth cases in the United States in 2020
alone, up from 36 million cases in 2019 [13]. This surge in
activity invites more studies on the many facets of telemedicine
and telehealth service delivery, bringing quality of services,
cost-effectiveness of telehealth, clinical outcomes, user
satisfaction, and the applicability of videoconferencing services,
into sharper focus [15-17,19].
This study examined questions related to the technological
aspects of telehealth-enabled patient training. For example, how
can ostomy patients be suitably prepared for support group
training sessions? What level of technical support can achieve
a zero level of session failure in a cancer survivor group training
activity?
The results of this study also provide baseline data on the range
of video communication devices used by today’s patients
enrolled in a community-based OSMT cancer patient–training
group setting.
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Limitations

Conclusions

One limitation of this study was that recorded TTR incidents
comprised free-text comments from a group of individuals with
varying levels of technology expertise. Another limitation was
that the notes describing TTR incidents generally did not include
measures of time spent on either incident resolution or disruptive
impact to OSMT sessions. Currently, in a separate study, we
are following a more structured protocol with regard to
observing and recording TTR incidents.

The delivery of OSMT via SGVCs can enable interactive OSMT
for groups of new ostomates from anywhere they have access
to broadband internet and sufficient privacy. The technical
staffing model and combination of IPPs and IRPs for OSMT
described in this paper worked to minimize session disruptions
for TTR reasons. Additional research is needed to determine
the scalability of OSMT for larger groups across multiple time
zones.
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Abstract
Background: Chronic heart failure accounts for approximately 1%-2% of health care expenditures in most developed countries.
These costs are primarily driven by hospitalizations and comorbidities. Telemonitoring has been proposed to reduce the number
of hospitalizations and decrease the cost of treatment for patients with heart failure. However, the effects of telemonitoring on
health care utilization remain unclear.
Objective: This systematic review aims to study the effect of telemonitoring programs on health care utilization and costs in
patients with chronic heart failure. We assess the effect of telemonitoring on hospitalizations, emergency department visits, length
of stay, hospital days, nonemergency department visits, and health care costs.
Methods: We searched PubMed, Embase, and Web of Science for randomized controlled trials and nonrandomized studies on
noninvasive telemonitoring and health care utilization. We included studies published between January 2010 and August 2020.
For each study, we extracted the reported data on the effect of telemonitoring on health care utilization. We used P<.05 and CIs
not including 1.00 to determine whether the effect was statistically significant.
Results: We included 16 randomized controlled trials and 13 nonrandomized studies. Inclusion criteria, population characteristics,
and outcome measures differed among the included studies. Most studies showed no effect of telemonitoring on health care
utilization. The number of hospitalizations was significantly reduced in 38% (9/24) of studies, whereas emergency department
visits were reduced in 13% (1/8) of studies. An increase in nonemergency department visits (6/9, 67% of studies) was reported.
Health care costs showed ambiguous results, with 3 studies reporting an increase in health care costs, 3 studies reporting a
reduction, and 4 studies reporting no significant differences. Health care cost reductions were realized through a reduction in
hospitalizations, whereas increases were caused by the high costs of the telemonitoring program or increased health care utilization.
Conclusions: Most telemonitoring programs do not show clear effects on health care utilization measures, except for an increase
in nonemergency outpatient department visits. This may be an unwarranted side effect rather than a prerequisite for effective
telemonitoring. The consequences of telemonitoring on nonemergency outpatient visits should receive more attention from
regulators, payers, and providers. This review further demonstrates the high clinical and methodological heterogeneity of
telemonitoring programs. This should be taken into account in future meta-analyses aimed at identifying the effective components
of telemonitoring programs.
(J Med Internet Res 2021;23(9):e26744) doi:10.2196/26744
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heart failure; telemonitoring; remote monitoring; health care utilization; eHealth
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Introduction
Background
Chronic heart failure (CHF) is one of the most prevalent
high-cost chronic diseases affecting at least 1%-2% of the
worldwide population [1]. Europe and the United States spent
approximately 1%-2% of their national health care budget on
this chronic disease [1,2]. Worldwide, the economic burden of
CHF is estimated to be approximately US $108 billion per
annum, of which US $65 billion can be attributed to direct health
care costs [2]. CHF is characterized by an erratic and
difficult-to-predict course. A high percentage of incurred costs
are due to high readmission rates, as well as the high number
of comorbidities [3].
Changes in physiological parameters such as weight, heart rate,
blood pressure, and pulse oximetry may precede cardiac events.
Signaling such changes through telemonitoring may enable
physicians to intervene before the patient needs hospitalization
or an emergency department (ED) visit [4]. Telemonitoring has
been proposed as a possible strategy to tackle the challenges
that CHF brings to health systems, most notably, spare use of
the utilization of expensive resources. Telemonitoring has the
potential to prevent hospital readmissions, thereby saving costs
and improving the quality of life of these patients [5].
The technology and quality of care for patients with CHF have
been evolving, which has resulted in a variety of telemonitoring
programs consisting of different elements for different
populations. In addition, studies on the effect of telemonitoring
on health care utilization differ widely according to
cointerventions, time horizons, and outcome measures. Such
parameters may affect the effectiveness of telemonitoring and
the comparability of studies [6]. This heterogeneity at many
levels results in debates concerning the effectiveness of
telemonitoring.
Studies on telemonitoring have shown mixed results with respect
to health care utilization. Although some studies showed a
decline, others showed no significant differences or even an
increase in health care utilization. Many studies have included
cointerventions within the telemonitoring intervention.
Structured telephone support (STS) has often been incorporated
[7-9]. As STS has been reported to reduce the number of heart
failure–related hospitalizations [10], the effects found in studies
that use these two interventions simultaneously may not be
solely attributed to the telemonitoring program. A Cochrane
study from 2015 [10] concluded that, although telemonitoring
can reduce heart failure–related admissions, telemonitoring
programs were not able to reduce the risk of all-cause
hospitalization. A variety of systematic reviews have been
performed, mostly exclusively including randomized controlled
trials (RCTs). Bashi et al [11] performed an overview of
systematic reviews and found that 11 of 19 systematic reviews
only included RCTs. Although RCTs are considered as the gold
standard for research purposes, observational studies also have
merits that should not be ignored. For example, they provide a
sense of the real world as opposed to experimental RCT settings
[12]. Especially for diseases such as heart failure, which is
known for a high degree of multimorbidity [13], RCTs may be
https://www.jmir.org/2021/9/e26744

XSL• FO
RenderX

Auener et al
limited by their strict inclusion and exclusion criteria. In
addition, the vast majority of previous systematic reviews have
only analyzed the effect of telemonitoring on hospitalizations
and mortality [10,11]. Thus, limited information is available on
the effect of telemonitoring programs on other outcomes, such
as ED visits, length of stay, and other forms of health care
utilization.

Objective
We therefore performed a systematic review on the effect of
telemonitoring for CHF on health care utilization, including
both RCTs and observational studies. By including a wide
variety of telemonitoring programs and outcome measures, we
aim to identify the various aspects and broad impact of
telemonitoring programs on the health care utilization of patients
with CHF.

Methods
Search Strategy
PubMed, Web of Science, and Embase (Ovid) databases were
searched. All authors were consulted for additional eligible
studies. A detailed description of our search strategy for each
database can be found in Multimedia Appendix 1. We excluded
articles published before January 1, 2010 because technology
and insights have rapidly evolved over the past 10 years. Our
search was updated until August 4, 2020 according to the
method described by Bramer [14]. Removal of duplications was
performed according to the method described by Bramer et al
[15].

Eligibility Criteria
Telemonitoring includes a wide variety of definitions and
descriptions. Generally, telemonitoring refers to the use of
telecommunication to assist in the transmission of medical
information and services between health care providers and
patients [16]. This definition also includes STS. Many studies
do not explicitly distinguish between invasive and noninvasive
telemonitoring techniques. However, this review explicitly
focuses on noninvasive techniques exclusively because there
are significant differences between implanted monitoring
devices and noninvasive telemonitoring in terms of costs and
eligibility of patients [17]. Thus, we defined telemonitoring as
the noninvasive application– or web-based collection and
transfer of physiological data, aimed at improving quality of
life or decreasing health care utilization in patients with heart
failure, or both.
We included peer-reviewed studies that reported direct or
indirect measurements of health care utilization such as
hospitalizations, ED visits, length of stay, days of
hospitalization, visits, and health care costs. We did not apply
exclusion parameters concerning study design to include all
available evidence. Therefore, we included RCTs,
nonrandomized trials, and studies on observational data.
However, we excluded studies that were not based on original
data such as Markov models because these studies are based on
assumptions rather than empirical data. Studies with regular
telephone support initiated by nurses or health care providers
(without medical indication) were excluded to focus on the
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not belonging to the Organization for Economic Co-operation
and Development to improve homogeneity in terms of the
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socioeconomic characteristics of the populations. Finally, studies
that were not published in either English or Dutch were included.
Textbox 1 presents the inclusion and exclusion criteria.

Textbox 1. Inclusion and exclusion criteria.
Inclusion criteria
•

Telemonitoring equipment within program assessed physiological parameters.

•

Telemonitoring measures were shared with at least one health care provider.

•

Patients are living independently and are allowed to have access to home care services but should not be admitted to a nursing home during the
intervention.

•

Subjects have been diagnosed with chronic heart failure.

•

Outcomes included direct or indirect measures of health care utilization.

•

Paper was a peer-reviewed publication.

Exclusion criteria
•

Study was performed in countries not belonging to the Organization for Economic Co-operation and Development.

•

Publication date was before January 1, 2010.

•

Telemonitoring program included structured telephone support.

•

Intervention program used invasive telemonitoring (eg, CardioMEMS).

•

Study was not available in the English or Dutch language.

•

No quantitative data with accompanied statistical analysis or measure of statistical significance was reported.

•

Health care utilization measure was not reported separately (eg, combined end point with death).

Study Selection and Data Extraction
Titles and abstracts were independently screened by 2
researchers (SLA and TEPR) for eligibility. In cases where no
conclusive decision could be made, studies were included for
full-text screening. Full-text screening was performed in
duplicate and independently by SLA and TEPR. Disagreements
were resolved by discussion until consensus was achieved or
consultation with a coauthor (RBK or SAVD). Thereafter, data
were extracted by one researcher (SLA) for both CHF-specific
health care utilization and all-cause utilization because a
reduction in CHF-specific health care utilization may not
translate into an overall reduction [10]. For each study, the effect
of telemonitoring on health care utilization was determined by
extracting data on hospitalizations, ED visits, length of stay,
days of hospitalization, visits, and health care costs. We
determined the statistical significance of these results using a
cut-off value of P<.05. If no P value was reported, we deemed
the effect statistically significant if the reported CI did not
include 1.00.

Risk of Bias Assessment

risk-of-bias tool for randomized trials [18] and Risk of Bias in
Non-randomized Studies of Interventions tools (Cochrane) [19]
for RCTs and all remaining studies, respectively. The studies
were assessed in duplicate and independently. Subsequently,
the individual assessments were compared for possible
discrepancies. When discrepancies were observed, the studies
and corresponding assessments were discussed until a consensus
was reached.

Results
Overview
Our search strategy identified 3770 unique studies, which were
then screened in the title and abstract. This resulted in 99
remaining studies. After the full-text screening, 29 studies were
included. Figure 1 shows the flow diagram. The main reason
for exclusion after full-text screening was because STS was a
part of the intervention (19/70, 27%), followed by a lack of
measuring and transmitting physiological parameters in the
program (17/70, 24%). Most studies (11/29, 38%) originated
in the United States.

The risk of bias assessment was performed by SLA and TEPR.
For the risk of bias assessment, we used the Cochrane
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Figure 1. PRISMA (Preferred Reported Items for Systematic Reviews and Meta-Analyses) flowchart. OECD: Organization for Economic Co-operation
and Development.

Characteristics of Included Studies
Table 1 presents an overview of study and program
characteristics. A detailed description of the studies and their
characteristics are presented in Table 2. Telemonitoring
programs showed a high degree of heterogeneity in terms of
physiological variables measured as shown in Multimedia
Appendix 2 [4,20-47]. All studies included weight as a
parameter, whereas only 4 included electrocardiography
measures as a physiological parameter [20-23]. The studies used
10 unique combinations of physiological parameters. In addition,
2 studies included other measures such as lung fluid [24] and
https://www.jmir.org/2021/9/e26744
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body composition [25], which were acquired by noninvasive
means. Most programs (n=16) used telemonitoring in addition
to usual care; regular check-up visits were still scheduled
[4,22,24,26-38]. One study [20] stated that telemonitoring was
used as a substitute for these visits, and 12 studies did not
elaborate on this matter. The follow-up period of the studies
ranged between 1 and 89 months, with most studies having a
follow-up period of 6 months. Follow-up was consistent with
the duration of the telemonitoring program itself, with the
exception of 2 studies that also included a follow-up after the
telemonitoring program was completed [24,39].
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Table 1. Overview of the characteristics of included studies (N=29).
Study characteristics

Studies, n (%)

Country
Belgium

2 (7)

Canada

2 (7)

Denmark

1 (3)

Finland

1 (3)

Israel

2 (7)

Italy

3 (10)

Japan

1 (3)

Netherlands

3 (10)

Spain

1 (3)

Sweden

1 (3)

United Kingdom

1 (3)

United States

11 (38)

Physiological parameter assessed
Weight

29 (100)

Blood pressure

23 (79)

Pulse oximetry

7 (24)

Heart rate

20 (69)

Symptom questions

14 (48)

ECGa

4 (14)

Number of patients enrolled in telemonitoring program
<50

8 (28)

50-100

9 (31)

100-200

9 (31)

>200

3 (10)

Follow-up period (months)

a

1

1 (3)

2

1 (3)

3

4 (14)

6

10 (34)

9

1 (3)

12

8 (28)

>12

4 (14)

ECG: electrocardiography.
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Table 2. Detailed characteristics of the included studies (N=29).
Study

Amir [24]

Study characteristics
Country

Study design

Patient inclusion criteria

NYHAa
class

FollowIntervention
up period group (n)
(months)

Control
group, n

United States

Prospective

Stage C CHFb with hospital

—d

6

50

N/Ae

6

44

16

c

admission for acute HF
Bakhshi [42] Israel

Comparison of group with Primary diagnosis CHF index —
telemonitoring versus group hospitalization or patients seen
without telemonitoring
by emergency room, internal
medicine, and cardiology specialists

Delaney [43] United States

RCTf

Recently discharged from home III: 95 (95%) 3
care, eligible, and previously
hospitalized for HF

50

50

Dendale [44] Belgium

RCT

Hospitalized for fluid overload Mean NYdue to HF
HA class:
3.0

6

80

80

Domingo
[26]

RCT

Outpatients attended in the HF II: 75 (82%)
unit with NYHA classes II-IV and III: 17
(18%)

12

44

48

EilatIsrael
Tsanani [45]

Before-after

NYHA classes II-IV with at
least 3 admissions within a 6month period

II:74
12
(52.5%); III:
55 (39%);
and IV: 12
(8.5%)

141

N/A

Frederix [39] Belgium

RCT

Patients participated in the

Mean NYHA class:
3.0

89

80

80

—

3

40

40

Spain

TEMA-HFg study by Dendale
et al [44]
Hoban [27]

United States

RCT

HF diagnosis care from home
health care agency

Kotooka
[25]

Japan

RCT

Discharge following admission II: 142
31
for acute HF or decompensated (78.5%); III:
chronic HF
39 (21.5%)

90

91

Koulaouzidis United Kingdom
[28]

Retrospective comparison
with patients that declined

Newly diagnosed (outpatient)
patients with HF

II: 238
(52.5%) and
III: 215
(47.5%)

12

124

329

Kraai [20]

Netherlands

Multicenter RCT

Admitted to intensive care or
cardiology ward or visited outpatient HF- clinic and in need
of treatment

II:39 (22%);
III:100
(58.5%) and
IV:33
(18.6%)

9

94

83

Lyngå [29]

Sweden

RCT

Hospitalized with NYHA
classes III-IV

III: 309
12
(96.9%); IV:
10 (3.1%)

166

153

Maeng [30]

United States

Retrospective within patients

Have a diagnosis of CHF

—

70

541

N/A

Olivari [21]

Italy

RCT

Discharge from hospital after
acute HF within the past 3
months

II: 163
12
(48.1%); III:
159 (46.9%);
IV: 17 (5%)

229

119

Park [40]

United States

Prospective comparison be- Admitted for a diagnosis of
tween hospital and national acute HF
readmission rates

—

58

N/A
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Study characteristics
NYHAa
class

Country

Study design

Patient inclusion criteria

FollowIntervention
up period group (n)
(months)

Pedone [31]

Italy

RCT

Diagnosis of HF and aged >64 II: 29 (32%); 6
years
III: 51
(57%); IV:
10 (11%)

Riley [41]

United States

Prospective comparison with HF admission diagnosis in the
matched controls
electronic health record

Seto [22]

Canada

Soran [32]

Control
group, n

50

46

6

45

45

RCT

Ambulatory patients diagnosed II: 43 (43%); 6
with HF
II-III: 11
(11%); III:
42 (42%);
IV: 4 (4%)

50

50

United States

RCT

Diagnosis of HF in Medicare
data and hospitalized for HF
within 6 months

II: 183
6
(58.1%); III:
132 (41.9%)

160

155

Tompkins
[33]

United States

RCT

Diagnosis of HF

—

6

193

197

Van der
Burg [34]

Netherlands

Retrospective before-after
study

NYHA classes III-IV

—

36

177

N/A

Veenstra
[35]

Netherlands

Prospective prestudy and
poststudy without controls

Discharged after admission for II: 28
12
HF or outpatient visit and NY- (27.5%); III:
HA classes II-IV
57 (55.9%);
IV: 17
(16.7%)

102

N/A

Vestergaard
[46]

Denmark

RCT with economic analysis Diagnosed with HF according Missing:13
12
to national guidelines and NY- (4.7%); II:
HA classes II-IV
147 (53.6%);
III: 92
(33.6%); IV:
22 (8%)

134

140

Villani [23]

Italy

RCT

NYHA classes III or IV during Mean NYhospital stay and high risk of
HA: 3.01
early rehospitalization at discharge

40

40

Vuorinen
[47]

Finland

RCT

Left ventricular ejection fraction<35%, NYHA ≥2, and
needed regular follow-up

47

47

Ware [36]

Canada

Before-after study

Diagnosed with HF and visited ≤II: 143
the HF clinic
(45.4%)

6

315

N/A

WhiteUnited States
Williams [4]

Retrospective study with
controls

Discharged from hospital stay
and admitted to a home health
care agency

—

3

29

17

Williams
[37]

Retrospective study with
matched controls

Medicare eligible, had a diagno- —
sis of HF, and experienced a
recent (2 days) discharge from
hospital

2

105

105

United States
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12

II: 36 (38%); 6
III: 55
(59%); IV: 3
(3%)
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Study characteristics
Country

Study design

Patient inclusion criteria

NYHAa
class

United States

Prospective study with
matched controls

Participants recruited from the
outpatient clinic. Patients admitted to hospital program were
excluded

Intervention 3
group: I: 5
(24%); II: 9
(43%); III: 7
(33%)

FollowIntervention
up period group (n)
(months)
21

Control
group, n
20

NYHA: New York Heart Association.

b

CHF: chronic heart failure.

c

HF: heart failure.

d

Data not reported.

e

N/A: not applicable.

f

RCT: randomized controlled trial.

g

TEMA-HF: Telemonitoring in the Management of Heart Failure.

Patient inclusion criteria for previous hospitalizations differed
among the studies. If a hospital admission was required for
inclusion, this was most often (n=10) within 7 days of discharge
[4,23,24,29,35,37,39-42]. Inclusion was started within 1 month
of index hospitalization for 2 studies [20,25], and 5 studies
[21,32,43-45] included patients within 6 months. Most studies
(n=12) [22,26-28,30,31,33,34,36,38,46,47] did not specify
requirements regarding previous admissions for CHF or included
patients from outpatient clinics. New York Heart Association
(NYHA) Class II was most often reported (n=9) as the NYHA
Classification with most patients [21,22,25,26,28,32,38,45,46].
NYHA Class III was reported in 8 studies as the dominant class
[20,23,29,31,35,43,44,47].

Risk of Bias Assessment

The main reasons for some concerns in the RCTs were related
to the randomization process. In addition, 75% (9/12) of
nonrandomized studies were assessed as having a serious or
critical risk of bias. No nonrandomized studies were assessed
as having a low risk of bias, which indicates that the strength
of evidence from none of the included nonrandomized studies
is equivalent to a well-performed RCT [19]. Bias due to
confounding was the domain that most often resulted in studies
being assessed with a serious or critical risk for bias. Table 3
shows the consolidated overall bias assessments. A detailed
overview of the risk of bias assessment of all studies can be
found
in
Multimedia
Appendix
3
[20-23,25-27,29,31-33,39,43,44,46,47]
and
Multimedia
Appendix 4 [4,24,28,30,34-38,40-42,45].

We found that most RCTs (12/16, 75%) showed at least some
bias concerns, with 2 RCTs having a high risk of bias [21,27].
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Table 3. Summary of risk of bias assessment for randomized controlled trials and nonrandomized studies.
Study

Result of bias risk assessment

Randomized controlled trialsa
Delaney (2013) [43]

Some concerns

Dendale (2014) [44]

Some concerns

Domingo (2011) [26]

Some concerns

Hoban (2013) [27]

High risk

Kotooka (2018) [25]

Low risk

Kraai (2016) [20]

Low risk

Lyngå (2012) [29]

Some concerns

Frederix (2018) [39]

Low risk

Olivari (2018) [21]

High risk

Pedone (2015) [31]

Some concerns

Seto (2012) [22]

Some concerns

Soran (2010) [32]

Some concerns

Tompkins (2012) [33]

Some concerns

Vestergaard (2020) [46]

Low risk

Villani (2014) [23]

Some concerns

Vuorinen (2014) [47]

Some concerns

Nonrandomized studiesb

a

Amir (2017) [24]

Moderate risk

Bakhshi (2011) [42]

Serious risk

Eilat-Tsanani (2015) [45]

Critical risk

Koulaouzidis (2019) [28]

Serious risk

Maeng (2014) [30]

Critical risk

Park (2019) [40]

Critical risk

Riley (2015) [41]

Moderate risk

Van der Burg (2020) [34]

Serious risk

Veenstra (2015) [35]

Critical risk

Ware (2020) [36]

Serious risk

White-Williams (2015) [4]

Serious risk

Williams (2016) [37]

Moderate risk

Zan (2015) [38]

Serious risk

Assessed using Cochrane risk-of-bias tool for randomized trials.

b

Assessed using Risk of Bias in Non-randomized Studies of Interventions tool.

Effects of Telemonitoring on Health Care Utilization
Overview
Telemonitoring studies used many different outcome measures,
the most common of which were hospitalizations, ED visits,
and health care costs. Whereas some studies report the effects
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of telemonitoring on specific CHF outcomes, for example, heart
failure readmissions, other studies only report the effect on
all-cause health care utilization. The type of analysis and effect
measures differed widely among studies, with hazard ratios,
odds ratios, 2-tailed t tests, and incidence rates being reported.
Table 4 shows the (statistically significant) effects of
telemonitoring on health care utilization.
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Table 4. Effect of telemonitoring programs on health care utilization.
Study

a

Outcome measure
Hospitalization

Number of emergency Length of
department visits
stay

Days of hospitalization

Visitsa

HFb

ACc

HF

AC

HF

AC

HF

AC

HF

AC

HF

AC

Amir (2017) [24]

—d

+e

—

—

—

—

—

—

—

—

—

—

Bakhshi (2011) [42]

—

—

—

—

—

=f

—

—

—

—

—

—

Delaney (2013) [43]

=

+

—

—

—

—

—

—

—

—

—

—

Dendale (2014) [44]

=

=

—

—

—

—

—

=

—

—

—

=

Domingo (2011)g [26]

=

—

—

—

—

—

=

—

×h

—

—

—

Eilat-Tsanani (2015) [45]

=

+

—

=

—

—

—

+

—

=

—

—

Frederix (2018) [39]

—

—

—

—

—

—

+

=

—

—

=

=

Hoban (2013) [27]

—

=

—

—

—

—

—

—

—

—

—

—

Kotooka (2018) [25]

=

=

—

—

—

—

—

—

—

—

—

—

Koulaouzidis (2019) [28]

=

=

—

—

—

—

+

=

—

—

—

—

Kraai (2016) [20]

=

=

—

—

—

—

—

—

+

=

—

=

Lyngå (2012) [29]

=

=

—

—

—

—

=

—

—

—

—

—

Maeng (2014) [30]

—

+

—

—

—

—

—

—

—

—

—

+

Olivari (2018)i [21]

=

=

—

=

=

=

—

—

—

—

—

—

Park (2019) [40]

—

=

—

—

—

—

—

—

—

—

—

—

Pedone (2015) [31]

=

+

—

—

—

—

—

—

—

—

—

—

Riley (2015)j [41]

—

=

—

—

—

—

—

=

—

—

—

—

Seto (2012) [22]

—

=

—

=

—

—

—

=

×

—

—

—

Soran (2010) [32]

—

—

—

—

—

—

—

—

—

—

—

×

Tompkins (2012) [33]

—

=

—

=

—

=

—

=

—

×

—

=

Van der Burg (2020) [34]

—

+

—

—

—

—

—

+

—

—

—

+

Veenstra (2015) [35]

+

—

—

—

—

—

—

—

—

—

—

—

Vestergaard (2020) [46]

—

—

—

—

—

—

—

—

—

—

—

+

Villani (2014) [23]

+

—

—

+

—

—

—

—

—

×

—

×

Vuorinen (2014) [47]

—

—

—

—

—

—

=

—

×

×

—

—

Ware (2020) [36]

+

+

=

=

=

=

—

—

=

—

—

—

White-Williams (2015) [4]

—

=

—

=

—

—

—

—

—

—

—

—

Williams (2016) [37]

—

=

—

—

—

—

—

—

—

×

—

×

Zan (2015) [38]

—

=

—

=

—

—

—

—

—

—

—

—

Health care
costs

Visits include all nonemergency department outpatient visits or consultations with health care provider contacts.

b

HF: heart failure–related.

c

AC: all-cause.

d

Data not reported.

e

Indicates statistically significant (P<.05) reduction in outcome measure.

f

Indicates not statistically significant (P>.05) on outcome measure.

g

Analysis based on the comparison between Motiva and Motiva plus.

h

Indicates statistically significant (P<.05) increase in outcome measure.

i

Analysis based on intention-to-treat analysis.

j

Analysis based on matched-cohort analysis.
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Hospitalization
Hospitalization was the most commonly reported outcome
(24/29, 83% of studies). Out of 24 studies, 9 (38%) showed a
statistically significant reduction in hospitalizations associated
with telemonitoring. The remaining studies (15/24, 63%) found
no effect on hospitalization. When excluding all studies with a
high, critical, or serious risk of bias (n=11), 31% (4/13) of
studies reported a statistically significant reduction in
hospitalizations [23,24,31,43]. Although the number of studies
reporting a statistically significant effect was limited, the effects
found in these studies were clinically relevant. Amir et al [24]
reported a temporary reduction of hospitalizations of 87% during
the intervention. However, hospitalization increased by 79%
when the intervention ended. Delaney et al [43] found that
hospitalization rates were 19% and 38% in the intervention and
control groups, respectively. Pedone et al [31] reported an
incidence rate of 0.30 (95% CI 0.12-0.67), favoring the
intervention group. Villani et al [23] found that the control group
had almost twice the number of hospitalizations compared with
the intervention group. We did not find a parameter in the study
characteristics that consistently differed from the other studies
that showed no effect of telemonitoring.

ED Visits
In total, 8 studies reported results related to the number of ED
visits [4,21-23,33,36,38,45]; 7 (88%) reported no statistically
significant effects of telemonitoring and 1 (13%) found a
significant effect, reporting 17 ED visits in the control group
(n=40) compared with 6 ED visits in the intervention group
(n=40) [23].

Length of Stay
The outcome measure length of stay was reported in 4 studies
[21,33,36,42]. None of the included studies found a statistically
significant effect of telemonitoring on the length of stay.

Days of Hospitalization
Days of hospitalization were reported in 10 studies, of which 8
(80%) reported on all-cause days of hospitalization and 5 (50%)
on days of hospitalization specifically for heart failure. There
were 2 studies that showed a reduction in all-cause days of
hospitalization [34,45]. The 2 studies showing a decrease in
heart failure–related days of hospitalization did not result in a
statistically significant decrease in all-cause days of
hospitalization [28,39].

Visits
A total of 9 studies reported outcome measures related to
non-ED health care visits. These visits comprised outpatient
visits [20,22,23,26,36,45,47], primary care visits [33,45], home
visits by nurse [37,45], urgent care visits [33], and telephone
contacts [47]. Most (6/9, 67%) of these studies found that their
telemonitoring intervention was associated with a significant
increase in non-ED health care visits [22,23,26,33,37,47]. A
total of 2 studies found no difference [36,45], and 1 study [20]
found a decrease in non-ED visits for heart failure specifically.
However, this reduction of heart failure rates did not result in
a statistically significant decrease in the number of visits. Two
studies were considered as having a critical [45] or serious risk
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of bias [36]. Both of these studies reported no effect of
telemonitoring on non-ED visits.

Health Care Costs
A comparison of health care costs between the intervention and
control groups was performed in 10 studies. Out of these 10, 3
(30%) studies showed a decrease in costs [30,34,46], 4 (40%)
studies showed no statistically significant difference
[20,33,39,44], and 3 (30%) studies showed a negative impact
of telemonitoring on health care costs [23,32,37]. Two studies,
which we assessed as having a serious or critical risk of bias,
reported statistically significant decreases in health care costs
[30,34]. When a decrease in costs was realized by the
telemonitoring program, this was mainly due to a reduction in
hospitalizations or rehospitalizations [30,34]. In addition to a
reduction in hospitalizations, Vestergaard et al [46] found a
reduction in outpatient care costs in the telemonitoring group.
Furthermore, 3 studies finding a reduction of health care costs
reported 11% [30], 35% [46], and 90% [34] reductions in health
care costs. When telemonitoring was associated with an increase
in costs, this was due to an increase in outpatient visits [37], an
overall increase in health care utilization [32], or the costs of
the telemonitoring program itself [23].
Six studies included and explicitly mentioned the costs of (the
development of) the intervention in their analyses
[20,23,30,32,37,46]. These studies reported large differences
in the costs of the intervention, mostly due to cointerventions
and specific assumptions regarding program and development
costs. Multimedia Appendix 5 [20,23,30,32,37,46] provides a
description of the costs. In the study by Villani et al [23], a
reduction in hospitalization costs could not offset the additional
costs of the intervention. This indicates a substantial influence
of program costs in determining the cost-effectiveness of
telemonitoring programs. An important factor for cost
differences was the high cost of developing a telemonitoring
program for a selected population.

Discussion
Principal Findings
The goal of this review was to identify the broad impact and
various aspects of telemonitoring programs for patients with
CHF and their effects on health care utilization. Most studies
showed no statistically significant effects of telemonitoring on
overall hospitalizations (14/21, 67%), ED visits (7/8, 88%),
length of stay (4/4, 100%), and days of hospitalization (6/8,
75%). However, the remaining studies showed reductions in
health care utilization for these measures. Overall, non-ED
outpatient visits and health care costs were increased in 67%
(6/9) of studies and 30% (3/10) of studies, respectively. The
most ambiguously reported health care utilization measure was
health care costs, which showed increases in 30% (3/10) of the
studies, decreases in 30% (3/10) of the studies, and no
differences in 40% (4/10) of the studies. Heart failure–specific
health care utilization measures showed similar results as the
overall health care utilization measures.
We found a high degree of clinical diversity among the
interventions, in terms of physiological parameters as well as
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the targeted populations. Although most telemonitoring
programs were targeted at patients in NYHA Classes II-III, a
variety of additional inclusion criteria were used. In addition to
clinical diversity, methodological heterogeneity was also high,
as can be observed by the varying risk of bias assessments.
Some of the studies included in this review suggested that
telemonitoring may result in lower hospital admission rates, but
most studies did not report such reductions. This mixed effect
is consistent with the current literature [10,48]. In addition, we
found no clear associations between the extracted study
characteristics and the effect of telemonitoring and a reduction
in hospitalizations. However, we found that 67% (6/9) of studies
reported an increase in non-ED outpatient visits when
telemonitoring was used.
Thus far, the effect of telemonitoring on non-ED visits has
received little attention. However, the early warning designs of
telemonitoring might also attract additional use of frontline
services and false-positive alarms. An overview of systematic
reviews [11] showed that 2 of 19 systematic reviews included
non-ED visits in their outcomes [49,50]. These systematic
reviews included 5 studies, 1 [51] of which can be classified as
telemonitoring based on our definition. This RCT showed a
substantial increase in non-ED visits and phone calls for
telemonitoring compared with usual care. Our results suggest
that this may be the case for most telemonitoring programs, as
we found that 67% (6/9) of studies showed an increase in
non-ED visits. One study found a decrease in heart
failure–related non-ED visits. This study [20] explicitly stated
that “patients allocated to the intervention group were only
allowed to visit the cardiologist or HF-nurse in case of an
absolute need for intervention.” In addition, 83% (5/6) of
studies, which found an increase in visits, had telemonitoring
as an additional component in addition to usual care
[22,26,37,47], and 17% (1/6) did not state this explicitly [33].
This stresses the need to treat telemonitoring as a substitute for
regular care, rather than an addition to regular care, that is, if a
reduction in health care utilization is the primary aim. Five
studies reported an increase in non-ED visits and hospitalizations
as outcome measures. Villani et al [23] found an increase in
non-ED visits simultaneously with a reduction in
hospitalizations. The other 4 studies [22,26,33,37] reported an
increase in non-ED visits and found no effect on hospitalization.
This indicates that additional visits can be a side effect of
telemonitoring rather than a prerequisite for effective
telemonitoring programs in terms of reduced health care
utilization. Therefore, telemonitoring programs may become
more cost-effective if they pay more attention to decreasing
these visits.
The effect of telemonitoring on health care costs has been
inconsistent across studies. Health care costs were severely
affected by the costs of telemonitoring programs, which showed
large differences. These differences were attributable to both
assumptions regarding the development costs per patient and
the actual cost differences. These cost differences can have a
detrimental effect on the cost-effectiveness and financial
viability of the program. No studies included indirect cost
savings or expenses from a patient perspective, such as a
reduction or increase in travel costs.
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Strength and Limitations
A major strength of our study is the inclusion of various study
designs and outcome measures for health care utilization.
Therefore, this review offers a broader scope than other reviews
[11]. The inherent weakness of including nonrandomized studies
was the introduction of biases because of case mixes. This was
demonstrated by the results of the Risk of Bias in
Non-randomized Studies of Interventions tool, which showed
a high degree of bias in the domain of baseline confounding.
The exclusion of studies also using STS within their
telemedicine program resulted in the exclusion of a significant
number of studies. However, the exclusion of these studies also
increases the relevance of our study for those interested in the
stand-alone effect of telemonitoring on health care utilization.
The main limitation of this review is the lack of a meta-analysis
and thus a limited ability to draw strong conclusions regarding
the effect of telemonitoring on health care utilization. However,
this review clearly shows why meta-analyses are difficult to
perform on this subject and, if performed, should be interpreted
with caution. We observed high heterogeneity within the study
populations, telemonitoring programs, and outcomes. Therefore,
a meta-analysis was not appropriate for this study. In addition,
the results of meta-analyses of other studies may only be
applicable to small subsets of populations, interventions, and
outcomes and thus may not represent the true effect of
telemonitoring on health care utilization because of limited
external validity.

Implications for Practice
This study has several practical implications. The finding that
telemonitoring often increases non-ED visits has consequences
for the workload of outpatient clinics. These additional non-ED
visits may occur because of a variety of reasons such as false
positives, true positives, equipment malfunction, and whether
telemonitoring is used as additional or substitute care. Detecting
true positives is the primary aim, as it prevents more expensive
health care utilization and improves the quality of life. Although
false-positive alerts and equipment malfunctions may be reduced
by improving technology and algorithms [52], our results
suggest that addition instead of substitution is likely to remain,
resulting in additional non-ED visits. Health care providers must
be aware of this increase and adopt organizational structure of
the outpatient clinic or find other ways to mitigate this increase,
such as using telemonitoring as a substitute rather than additional
care [20] or outsourcing technical difficulties experienced by
patients to medical service centers [34].
This review showed that telemonitoring might shift health care
utilization to outpatient settings, as opposed to only reducing
inpatient admissions. This may complicate adoption, as the
benefits may not be attributable to the same stakeholder as the
costs. This is especially the case for health care systems where
outpatient care is delivered by organizations other than inpatient
care, such as that of Germany. In such cases, conflicting interests
are to be expected, and health care payers have to come to an
agreement with health care providers to overcome these issues
[53]. Health care regulators can facilitate this process by creating
and supporting new payment models such as shared savings
and lump-sum payment models.
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Finally, the high costs of developing telemonitoring programs
for a selected population can diminish and even cancel future
monetary gains of reduced health care consumption [23]. One
way of suppressing the costs of telemonitoring can be achieved
through the use and development on a larger scale. Villani et
al [23] showed that developing a telemonitoring system for 40
patients was not financially viable. In contrast, Vestergaard et
al [46] reduced the costs of the program per patient by targeting
a larger population, namely a whole region of North Denmark
constituting 6700 patients. Health care providers should either
use the scale realized by a third party or codevelop
telemonitoring systems with other health care providers to
realize possible scale advantages. In addition, in general,
substitutive programs are expected to achieve higher financial
savings.

Future Research
Future studies should consider clinical diversity by including
subgroup meta-analyses or performing meta-regression, as
opposed to pooled meta-analyses [54]. As mentioned previously,
we found a high degree of clinical and methodological diversity
[54]. Despite this, some meta-analyses [48,55] have found a
low to moderate effect for certain health care utilization
measures. The presence of high clinical diversity and low
statistical heterogeneity may be due to minimal marginal effects
of components in the telemonitoring program; a part of the
intervention did not affect the outcome measure. If this is the
case, certain (combinations of) telemonitoring components do
not add value to the intervention. Yun et al [56] and Kotb et al
[57] performed such analyses on all-cause mortality and
hospitalization in patients with CHF. Certain program
characteristics, such as having 3 or more physiological
parameters [56] or including an electrocardiograph [57], were
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statistically associated with a reduction in all-cause mortality
and hospitalization, respectively. Similarly, essential and
effective parts of telemonitoring for reducing other health care
utilization can be identified, thereby supporting the development
of (cost-) effective telemonitoring programs. Clear descriptions
of the intervention and context are needed to perform such
analyses. This review can be used as guidance for forming
subgroups or variables of interest for meta-regressions. As there
are many more factors that may affect the impact of
telemonitoring on health care utilization, qualitative research
may be used to develop hypotheses and guide meta-regression
protocols.

Conclusions
This review investigated the effects of telemonitoring programs
on different aspects of health care utilization. Telemonitoring
has the potential to reduce hospitalization rates. However, this
was not achieved in most studies, as the number of non-ED
visits increased in the majority of studies. The effect of
telemonitoring on health care costs is highly ambiguous and
depends on the effectiveness of the intervention in reducing
health care utilization as well as on the costs of the
telemonitoring program itself. Health care providers and payers
should be aware that the majority of current telemonitoring
programs do not result in a reduction in health care utilization
and may even increase health care utilization by increasing the
number of non-ED visits. Possible payer strategies should be
focused at increasing the scale to reduce program costs and
implement telemonitoring as a substitute to reduce possible
increases in outpatient visits. Nevertheless, more focus is needed
to determine the essential factors of telemonitoring programs
that reduce health care utilization.
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Abstract
Background: The necessity of including observational studies in meta-analyses has been discussed in the literature, but a
synergistic analysis method for combining randomized and observational studies has not been reported. Observational studies
differ in validity depending on the degree of the confounders’ influence. Combining interpretations may be challenging, especially
if the statistical directions are similar but the magnitude of the pooled results are different between randomized and observational
studies (the ”gray zone”).
Objective: To overcome these hindrances, in this study, we aim to introduce a logical method for clinical interpretation of
randomized and observational studies.
Methods: We designed a stepwise-hierarchical pooled analysis method to analyze both distribution trends and individual pooled
results by dividing the included studies into at least three stages (eg, all studies, balanced studies, and randomized studies).
Results: According to the model, the validity of a hypothesis is mostly based on the pooled results of randomized studies (the
highest stage). Ascending patterns in which effect size and statistical significance increase gradually with stage strengthen the
validity of the hypothesis; in this case, the effect size of the observational studies is lower than that of the true effect (eg, because
of the uncontrolled effect of negative confounders). Descending patterns in which decreasing effect size and statistical significance
gradually weaken the validity of the hypothesis suggest that the effect size and statistical significance of the observational studies
is larger than the true effect (eg, because of researchers’ bias).
Conclusions: We recommend using the stepwise-hierarchical pooled analysis approach for meta-analyses involving randomized
and observational studies.
(J Med Internet Res 2021;23(9):e29642) doi:10.2196/29642
KEYWORDS
meta-analysis; observational study; randomized study; interpretation; combination; statistics; synergy; methodology; interpretation;
hypothesis; validity
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Introduction
In the literature, the number of meta-analyses that include
observational studies has steadily increased in recent decades
[1]. Nevertheless, controversy persists regarding the validity
and utility of these meta-analyses. Some researchers are reluctant
to assess the validity of the pooled results from studies of a
heterogeneous nature and with less robust data. It is clear that
compared to the pooled results from randomized studies, the
results derived from observational studies may be less
representative. Substantial publication of low-quality
meta-analyses or those that investigate duplicated topics, which
may be empowered by recruiting observational studies, has also
been disparaged [2,3].
The abovementioned criticism raises the fundamental question
of whether meta-analyses including observational studies should
exist in the clinical field. It is clear that randomized studies form
the basis of clinical research and have the greatest influence on
therapeutic advances and clinical decisions. However, not all
decisions in actual clinical practice can be supported only by
robust evidence obtained from randomized studies [4]. In
particular, it is inevitable that clinical decisions will be made
based on observational studies in fields where patients with rare
diseases or intractable status are commonly encountered for
which there are few available known standard modalities to
apply [5]. From a practical perspective, conducting randomized
studies requires abundant support, and this support is not
available in all medical disciplines. For example, although
vendors are willing to support the design of large randomized
studies to develop new drugs, if the application of a certain
modality has less benefit for the vendor, the driving force for
designing a high-quality study will be low.
As an example, in the treatment of liver cancer [6], there is a
drug that has demonstrated mild survival gain with little local
effect (ie, sorafenib: response rate of ~3%) in the treatment of
inoperable cases [7,8]. This drug was studied in phase 3
randomized trials that only proved the survival benefit of the
drug for unresectable liver cancers. Although radiotherapy has
a significant local effect, with a response rate of over 50%, no
phase 3 randomized study has demonstrated a survival gain [9].
Despite this, in a surveillance study on 161 liver cancer
clinicians, 86% of physicians stated that they would apply
radiotherapy for unresectable liver cancer with major vascular
involvement, compared to 66% who would prescribe sorafenib
[10]. How were these clinical decisions reached? Clinicians in
practice inevitably rely on case series or small observational
studies, especially when facing intractable situations in which
randomized studies alone cannot support all clinical decisions.
In other words, clinicians must perform a self–meta-analysis in
their own way involving studies with various designs, commonly
including observational studies. The justification for performing
meta-analyses that include observational studies can be
demonstrated by the necessity to optimize such
self–meta-analyses.
In this study, we identify points that require improvement during
the process of planning and conducting meta-analyses, and we
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suggest a method to synergistically interpret results from both
nonrandomized and randomized studies.

Methods
Identifying Limitations to Overcome
Meta-analyses are performed to aid clinical decision-making in
intractable oncologic situations in which a single standard
modality has not been established. These meta-analyses must
inevitably include observational and randomized studies. The
limitations that we recognized must be overcome are as follows.

Confounders in Observational Studies
When comparing intervention and control groups, the
randomization of participants has the advantage of evenly
distributing both known and unpredictable confounders [11].
Because of these advantages, randomized studies can allow
robust conclusions to be drawn with respect to determining
clinical decisions. The main limitation of observational studies
is the difficulty of controlling for these confounders.
Furthermore, no established method has been presented to
quantitatively and objectively measure how such confounders
affect pooled estimates. The risk of bias is difficult to control
in advance owing to the lack of availability of a protocol [12].
Therefore, the validity of the results is relatively low compared
to that of randomized studies. The Cochrane Handbook for
Systematic Reviews of Interventions states that only
observational studies with at least moderate or low risk of bias
should be selected in systematic reviews [12]. The Grading of
Recommendations, Assessment, Development and Evaluation
(GRADE) handbook explains the limitations of observational
studies across several categories; it addresses structural issues
such as flawed measurement of outcomes and exposure, short
follow-up, and inappropriate eligibility criteria, along with
inadequate control of confounding. If such a risk exists, it is
recommended to downgrade the quality of the study by 1-2
grades according to the degree [13].
On the other hand, as methods of disease assessment advance,
more factors are being identified that influence a patient’s
prognosis. Recent well-designed observational studies were
designed to control a variable number of confounders in the
study. A study in which clinical confounders were controlled
using methods such as propensity matching and multiple
regression analysis [14,15] in a sufficient number of patients
should not be analyzed at the same level as studies in which
such methods were not used.
In addition, when analyzing observational studies, consideration
should be given to how the treatment decisions have been
established. Consider two studies that verified the effectiveness
of adjuvant radiotherapy after biliary tract cancer surgery
(adjuvant radiotherapy for biliary tract cancer has the effect of
reducing recurrence, but an increase in survival has not been
sufficiently shown) [16]. All related data were obtained from
nonrandomized studies. In the first study, the institution decided
at a multidisciplinary meeting whether to apply adjuvant
radiotherapy; the results were based on comparative data from
a single center (adjuvant radiotherapy arm vs no radiotherapy
arm). On the other hand, the second observational study
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compared the results obtained at two independent institutions.
The first institution actively performed radiotherapy to maximize
treatment efficiency and hospital profits. The second institution
did not have a radiation oncology department; therefore, it was
necessary to make radiotherapy referrals externally. This
situation made surgeons reluctant to recommend radiotherapy,
and the patients rarely received adjuvant radiotherapy. In the
first study, patients who received radiotherapy were more likely
to have prognostic factors related to recurrence. In the second
study, the clinical profiles of patients were likely to be evenly
distributed between the intervention and control groups.
In summary, observational studies are more likely to be affected
by confounders than randomized studies. However,
observational studies need to be weighted differently according
to their design as well as the degree of control for confounders.

The “Gray Zone”: Necessity of Combining
Interpretations of Randomized and Observational
Studies
If there are enough well-designed randomized studies on a
subject to be analyzed, there is little need for a meta-analysis
including nonrandomized studies. However, the more detailed
the clinical topic to be studied and the more incurable the
disease, the more difficult it is to make a therapeutic decision
using only data from randomized studies. In their randomized
sampling analysis of Cochrane reviews, Shrier et al [11] reported
that 6 of 16 reviews included 0, 1, or 2 randomized trials.
Furthermore, 158 of 183 analyses in 7 additional studies
included 2 or fewer randomized studies [11,17]. The reason that
randomized studies can control for known and unknown
confounders is based on the assumption that the number of
participants included in the study is infinite [18]. However, in
practice, many randomized studies have difficulty recruiting a
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sufficient number of patients. Additionally, a blinding process
is needed to control for the placebo effect and optimize the
design of randomized studies [11]. However, this design is not
possible in randomized studies comparing different types of
treatment (eg, comparing the effectiveness of lobectomy and
radiosurgery in early lung cancer). Limitations such as these
necessitate the identification of clinical reasoning,
complemented by meta-analyses involving observational studies
[19,20].
In a meta-analysis that includes both randomized and
observational studies, if the pooled results of randomized studies
and observational studies have similar effect sizes in the same
direction without a notable difference in statistical significance,
there will be little disagreement in the interpretation of these
results. In contrast, if the directions of the two results clearly
contradict each other, the majority of scholars will agree to
adopt the results of the randomized studies and reject the results
of the observational studies, under the assumption that the
randomized studies lack significant design flaws. However,
there is a “gray zone” where the results of studies with different
designs (randomized vs observational studies) have the same
direction, but the magnitude of the effect size differs (Figure
1); no clear standard method has been established for combining
and interpreting such results. In these situations, the role of
pooled results from observational studies may be rather auxiliary
if a sufficient number of randomized studies with sufficient
validity are recruited. However, as described above, when
treating rare diseases or intractable diseases in the clinical field,
information from observational studies is necessary for clinical
decisions. In other words, it is necessary to complement clinical
reasoning based on pooled results of observational studies when
the number of randomized studies and the numbers of patients
recruited in said studies are insufficient.
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Figure 1. Process by which the “gray zone” is explored and clinical logic flow in the gray zone. OBS: observational studies; RCTs: randomized
controlled trials.

Clinical Logic Flow in the Gray Zone
Physicians should make clinical decisions by using studies with
different designs in gray zone situations. Many clinicians review
literature found through subjective searches and tend to rely
more on research published by authoritative institutions.
However, this unsystematic method should be avoided, and a
recommended clinical logic flow of interpretation may be as
follows:
The pooled results from RCTs determine the direction of the
clinical hypothesis and the representative effect size. In the gray
zone, complementation from data synthesized from
observational studies may be necessary. If the pooled results
from observational studies are more significant than those from
RCTs, the clinical hypothesis could be weakened and
confounding bias could be present among the observational
studies. In other words, the clinical hypothesis seems more
meaningful in clinical studies with a possibility of bias and a
low evidence grade, but it has less significant results than
https://www.jmir.org/2021/9/e29642
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RenderX

previously expected in high-grade studies such as randomized
studies. If the pooled effect of observational studies is less
significant, the clinical hypothesis can be strengthened, and
there is less possibility of bias. This suggests that clinical
hypotheses are less meaningful in clinical studies with possible
bias and a low grade of evidence, but more meaningful results
are produced in high-grade studies such as randomized studies.
Finally, the quality of observational studies can be assessed,
and trends of pooled effects according to study design (highand low-quality observational studies and randomized studies)
can be investigated (Figure 1). This process will typically
categorize three or more groups, and hierarchical trends can be
used to complement clinical hypotheses.
This clinical logical flow will be set as a model and is introduced
in detail below.

Rationale of Stepwise-Hierarchical Pooled Analysis
Stepwise-hierarchical pooled analysis is a method of interpreting
the pooled results of studies categorized according to their
J Med Internet Res 2021 | vol. 23 | iss. 9 | e29642 | p.824
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design and validity. In general, the studies included in a
meta-analysis are analyzed by dividing them into at least three
groups, and then the individual results of each group and the
changing trends among groups are analyzed. In the first level,
all studies are analyzed, and in the second level, balanced studies
in which major confounders are controlled for are analyzed.
Balanced studies are generally defined as those in which major
clinical factors are evenly distributed, either based on the study
design or statistical method, with additional consideration of
the treatment strategy of affiliated institutions whenever possible
(discussed in the previous section). Randomized studies can
also be included at this stage in the analysis as balanced studies,
especially when the number of nonrandomized and balanced
studies is small. The final step is to analyze randomized studies.
Randomized studies can be analyzed at one level lower if the
design is suboptimal (eg, the main clinical factors are not evenly
distributed between the intervention and control groups or the
randomization method is not reliable) or the number of included
patients is too small.
Briefly, the interpretation of stepwise-hierarchical pooled
analysis is as follows: The pooled results and statistical
significance of the randomized study mainly determine the
validity of the hypothesis. When proceeding from an analysis
that includes all studies with a low evidence grade to an analysis
of more selected studies, this trend further supports the validity
of the hypothesis if it is a pattern in which the magnitude and
statistical significance of the result increase. However, a
decreasing pattern may weaken the validity of the hypothesis,
suggesting that there may be biases in the design and results of
studies with low evidence ratings.

Results
Descriptive Interpretation
The descriptive interpretation of the four representative patterns
(Figure 2) is as follows:
1.

The effect size and statistical significance increase
gradually: The results of the randomized study analysis are
statistically significant, and the effect size gradually
increases, strengthening the support for the hypothesis.
Therefore, the probability is high that the hypothesis is true
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2.

3.

4.

and strongly positive. The effect size in the observational
studies will be lower than the true effect, and if confounders
are controlled for, the effect size can be increased. The
results of the pooled analyses of observational studies with
confounders may not be statistically significant.
The effect size gradually increases and the results are
statistically significant at all stages: The results of the
randomized study analysis are statistically significant, and
the pattern of increasing effect size gradually strengthens
the reliability of the hypothesis. Therefore, the probability
is high that the hypothesis is true and strongly positive. The
effect size of observational studies is lower than that of the
true effect. Confounders may have a negative effect on the
results of observational studies, but because they show
statistically significant results, this effect is assumed to be
smaller than that in pattern 1.
The effect size and statistical significance decrease
gradually: The target hypothesis is rejected because the
results of the randomized study analysis are not statistically
significant. The effect size and statistical significance of
the observational studies are not trustworthy. Observational
studies are likely to be affected by confounders and
researchers’ bias.
The effect size gradually decreases and the results are
statistically significant at all stages: The target hypothesis
is judged to be true because the results of the randomized
study analysis are statistically significant. However, the
pattern of the effect size gradually decreases, which lowers
the reliability of the hypothesis. The effect size of
observational studies is larger than the true effect.
Observational studies are likely to be affected by
confounders and researchers’ bias. Once again, out of the
above patterns, the hypothesis is true if the effect sizes are
similar in the pooled analyses of both randomized and
observational studies, and both analyses are statistically
significant. In contrast, if the results of the randomized and
observational studies contradict each other, the pooled
results of the randomized studies should be weighted more
heavily and further investigation of this contradiction should
be performed. The stepwise-hierarchical method may not
be highly necessary for these situations.
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Figure 2. Interpretation of the four representative patterns of stepwise-hierarchical pooled analysis. OBS: observational studies.

Examples of Clinical Interpretation
Our team recently published two meta-analyses that used the
stepwise-hierarchical method [21,22]. The main results of the
two studies showed typical features of the ascending and
descending patterns. Therefore, the clinical interpretations of
the main results of each paper are discussed as examples.
The first study focused on adjuvant radiochemotherapy versus
chemotherapy after surgery for gastric cancer. In general, the
role of additional radiotherapy has not been accepted widely
after D2 gastrectomy, including extensive lymphatic dissection
[23]. This is because the result for the primary endpoint
(disease-free survival) of the only phase 3 randomized study on
the subject was marginally nonsignificant [24]. However, several
observational studies and small randomized trials have reported
the oncologic benefit of radiotherapy [25,26]. Therefore, our
team conducted a meta-analysis including randomized and
nonrandomized comparative studies to evaluate the disease-free
survival benefit of adjuvant radiochemotherapy [21]. As shown
in Figure 3, the effect size in the pooled analysis for all studies
was 1.264 (95% CI 0.997-1.603), and the P value was
marginally nonsignificant at P=.053. The effect size in the
pooled analysis of balanced studies (ie, studies in which major
clinical indicators are similarly distributed between arms) was
1.417 (95% CI 1.171-1.715), and the P value was highly
significant at P<.001. The effect size in the pooled analysis of
only randomized studies was 1.440 (95% CI 1.110-1.867;
P=.006), which was also highly significant. The trend of these
results correlates with the first of the four typical patterns
described above. In other words, the hypothesis of this
meta-analysis (radiochemotherapy is significant in reducing
disease-free survival after D2 gastrectomy) is strongly
supported. The trend in which the effect size increases from
considering all studies to considering only balanced or
https://www.jmir.org/2021/9/e29642
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randomized studies strengthened the validity of the hypothesis.
The results of observational studies may have underestimated
the effect size relative to the true effect due to the influence of
confounders (eg, patients assumed to have greater risk of
recurrence underwent radiochemotherapy). Furthermore, the
low heterogeneity in the analyses of balanced and randomized
studies suggests that the pooled results of those studies are
reliable and well designed, and they are less affected by possible
confounders.
The second study was on the benefit of local treatment for
oligometastases. Oligometastases refer to a disease state with
≤3 or ≤5 metastatic lesions (definitions differ between studies)
[27]. In the recent literature, it was proposed that local treatment
for oligometastatic foci could prolong cancer survival [28,29].
Several randomized studies have been published, but the number
of patients recruited is generally insufficient [30]. In addition,
because the studies in the literature were published according
to the type of primary cancer, it was difficult to comprehensively
analyze the oncologic benefit of local treatment on general
oligometastases. Therefore, we attempted to prove the
hypothesis that local treatment for oligometastases will increase
overall survival in a meta-analysis [22]. In the analysis of all
studies, the pooled effect size was 3.039 (95% CI 2.272-4.064)
and the P value was significant (P<.001). In the analysis of
balanced studies, the pooled effect size was 2.560 (95% CI
1.791-3.659), and the P value was also highly significant
(P<.001). In the final analysis of randomized studies, the P
value was significant (P=.04); however, the pooled effect size
was 1.406 (95% CI 1.015-1.949), which was smaller in
magnitude than that in the previous analyses. The trend of these
results correlates with the fourth of the four typical patterns
(Figure 4). In other words, the hypothesis of this meta-analysis
is true, referring to the analysis results of randomized studies.
However, unlike the pattern seen in the meta-analysis of gastric
J Med Internet Res 2021 | vol. 23 | iss. 9 | e29642 | p.826
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cancer, the change in the effect size or P value does not increase
the validity of the hypothesis. Observational studies may have
been affected by a confounder, and the results may have been
larger than the true effect size. Of note, in many studies, local
treatment arms had a lower number of metastatic foci than
control arms, although the difference was not statistically
significant. Unlike the low heterogeneity in the pooled analysis
of randomized studies, the high heterogeneity among
observational studies suggests the possible effects of
confounders. However, such a pattern does not necessarily

Shin & Rim
indicate that the result is weak and not useful. We also found
that the benefit of local treatment was higher in certain cancer
types (eg, lung cancer, colorectal cancer) and with higher
metastatic burden (studies with <5 metastases compared to those
with <3 metastases) in further subgroup analyses. Therefore,
the authors concluded that although local treatment for
oligometastases is beneficial, patients must be carefully selected
with consideration of the type of disease or metastatic burden,
and the design of future observational studies needs to be
improved.

Figure 3. A clinical meta-analysis example of the ascending pattern in the stepwise-hierarchical method based on our previous meta-analysis evaluating
the benefits of adjuvant radiochemotherapy after D2 gastrectomy as compared to chemotherapy alone [21]. The forest plots are newly drawn from the
raw data obtained by the authors. ES: effect size; CRT: chemoradiotherapy.
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Figure 4. A clinical meta-analysis example of the descending pattern in the stepwise-hierarchical method based on our previous meta-analysis evaluating
the benefits of local treatment on oligometastatic disease [22]. The forest plots are newly drawn from the raw data obtained by the authors. ES: effect
size; LCT: local consolidative treatment.

Discussion
Principal Considerations
The number of meta-analyses in the literature that include
observational studies has been steadily increasing [1]. In actual
clinical fields, the decisions that can be fully supported by
blinded, randomized studies are limited. It is difficult to
https://www.jmir.org/2021/9/e29642

XSL• FO
RenderX

assemble a sufficient number of patients free from ethical
considerations when the benefits of an intervention are expected
to be significant due to observational studies [31]. The treatment
methods applied to the intervention and control groups should
be of the same type in terms of what the patient perceives. As
the understanding of a disease increases and treatment options
diversify, it will become increasingly necessary to obtain
J Med Internet Res 2021 | vol. 23 | iss. 9 | e29642 | p.828
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assistance for therapeutic decisions from meta-analyses of
observational studies [17]. Shrier et al [11] described the clinical
necessity of meta-analyses including nonrandomized studies;
they discussed the practical limitations of randomized studies
and explained that well-designed observational studies obtained
similar results to those of randomized studies. Vandenbroucke
[32] suggested that the reliability of the results can be improved
by meta-analyzing observational studies selected in terms of
the subject, design, and analysis method.
Other previous publications have discussed the justification for
including observational studies in meta-analyses or how to select
studies with valid qualities. The Cochrane Handbook for
Systematic Reviews of Interventions [12], which previously had
a conservative perspective on including nonrandomized studies
in systematic reviews, added a chapter in the most recent edition
on how to assess and interpret these studies in a meta-analysis.
Of note, the handbook asserted that only observational studies
without a high risk of bias should be included in the
meta-analysis. It was also pointed out that there is still no
established model that can evaluate how bias or confounders
of observational studies affect estimates. However, little is
known about how observational and randomized studies should
be integrated and analyzed to yield actual clinical decisions.
Limitations of observational studies are categorized and
explained in the GRADE handbook [13]. They include
fundamental flaws such as inappropriate eligibility criteria,
flawed measurement of exposure, inadequate follow-up, and
inadequate control of confounders. In the presence of these
limitations, it is suggested that the evidence grade should be
lowered by one or two steps. Although it is agreeable to evaluate
the validity of observational studies in stages, a practical
methodology for integrating randomized studies with low- and
high-grade observational studies into a formal meta-analysis
has not been sufficiently introduced. Indeed, many clinical
practice guidelines use GRADE to analyze the grade of evidence
and recommendations; those analyses, including observational
studies, often rely on narrative reviews. In summary, the
necessity to include observational studies in systematic reviews
and evaluate their quality has been highlighted in recent
literature analytics. However, obtaining clinically useful
information by complementing the results of randomized studies
with information from observational studies has not been
sufficiently suggested.
Recently, the integration of different studies into designs in the
field of network meta-analysis has been discussed. In a network
meta-analysis, direct and indirect evidence should be analyzed
and integrated. A methodology integrating randomized and
observational studies has also been studied in the process of
synthesizing evidence with different levels of validity [33,34].
Efthimiou et al [35] classified the proposed integrated analysis
methods in the literature to date into three categories. These are
design-adjusted analyses, in which all trials included in the
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network meta-analysis involve estimates adjusted according to
possible bias and overprecision (based on expert opinions);
using informative priors, in which meta-analysis of randomized
trials is performed based on priors formulated from
meta-analyzing observational studies (Bayesian approach); and
three categorical models, in which a meta-analysis is performed
for each design, and consequently, the overall effect is acquired
by synthesizing all design-specific estimates. Although these
approaches have been suggested, according to the scoping
review by Zhang et al [36], the vast majority (74%) of network
meta-analyses used naïve pooling without specific consideration.
The methods suggested in the field of network meta-analysis
and the method of the present study are similar in principle.
That is, the results are integrated into a differential consideration
of the validity of the evidence. On the other hand, the model of
this study is distinct from those suggested in network
meta-analysis, in that it is a clinically logical model that analyzes
the trend of the synthesized results after differential analysis by
considering study quality. In addition, the model proposed in
this study is less difficult to apply because it does not require
additional statistical analysis or software use. It also has the
advantage that clinical interpretation is easy and intuitive, even
for physicians without mathematical expertise, because it is
based on clinical logical flow. These distinctive features and
practical merits provide a summary of the significance of the
stepwise hierarchical model, which is a novel method suggested
for integration of nonrandomized and randomized studies in
frequentist (or classical) meta-analyses.

Limitations
The limitations of this study are as follows. The four typical
patterns described in this study cannot explain all possible
patterns and their variations. For a detailed interpretation of
clinical decisions, indicators of heterogeneity and publication
bias should be interpreted as well. Researchers who are
accustomed to making bidirectional decisions based on a specific
P value of .05 will find the process of analyzing trends in
changes in statistical significance unfamiliar [37]. Therefore,
quantitative and qualitative interpretation are necessary.
Cooperation between a clinician and a biostatistician with
sufficient experience in meta-analysis is recommended to
successfully use our model. The conclusion empowered by the
main results as well as the subgroup results of our second
example study can serve as a reference of cooperative
interpretation. We expect future meta-analysis studies to use
our model and interpret their results, including diverse variations
to strengthen the utility of the model and resolve current
limitations.

Conclusions
We recommend using the stepwise-hierarchical pooled analysis
approach as a model for interpreting meta-analyses involving
randomized and observational studies in a synergistic manner.
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Abstract
Background: Day-of-surgery cancellation (DoSC) represents a substantial wastage of hospital resources and can cause significant
inconvenience to patients and families. Cancellation is reported to impact between 2% and 20% of the 50 million procedures
performed annually in American hospitals. Up to 85% of cancellations may be amenable to the modification of patients’ and
families’ behaviors. However, the factors underlying DoSC and the barriers experienced by families are not well understood.
Objective: This study aims to conduct a geospatial analysis of patient-specific variables from electronic health records (EHRs)
of Cincinnati Children’s Hospital Medical Center (CCHMC) and of Texas Children’s Hospital (TCH), as well as linked
socioeconomic factors measured at the census tract level, to understand potential underlying contributors to disparities in DoSC
rates across neighborhoods.
Methods: The study population included pediatric patients who underwent scheduled surgeries at CCHMC and TCH. A 5-year
data set was extracted from the CCHMC EHR, and addresses were geocoded. An equivalent set of data >5.7 years was extracted
from the TCH EHR. Case-based data related to patients’ health care use were aggregated at the census tract level. Community-level
variables were extracted from the American Community Survey as surrogates for patients’ socioeconomic and minority status
as well as markers of the surrounding context. Leveraging the selected variables, we built spatial models to understand the variation
in DoSC rates across census tracts. The findings were compared to those of the nonspatial regression and deep learning models.
Model performance was evaluated from the root mean squared error (RMSE) using nested 10-fold cross-validation. Feature
importance was evaluated by computing the increment of the RMSE when a single variable was shuffled within the data set.
Results: Data collection yielded sets of 463 census tracts at CCHMC (DoSC rates 1.2%-12.5%) and 1024 census tracts at TCH
(DoSC rates 3%-12.2%). For CCHMC, an L2-normalized generalized linear regression model achieved the best performance in
predicting all-cause DoSC rate (RMSE 1.299%, 95% CI 1.21%-1.387%); however, its improvement over others was marginal.
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For TCH, an L2-normalized generalized linear regression model also performed best (RMSE 1.305%, 95% CI 1.257%-1.352%).
All-cause DoSC rate at CCHMC was predicted most strongly by previous no show. As for community-level data, the proportion
of African American inhabitants per census tract was consistently an important predictor. In the Texas area, the proportion of
overcrowded households was salient to DoSC rate.
Conclusions: Our findings suggest that geospatial analysis offers potential for use in targeting interventions for census tracts
at a higher risk of cancellation. Our study also demonstrates the importance of home location, socioeconomic disadvantage, and
racial minority status on the DoSC of children’s surgery. The success of future efforts to reduce cancellation may benefit from
taking social, economic, and cultural issues into account.
(J Med Internet Res 2021;23(9):e26231) doi:10.2196/26231
KEYWORDS
surgery cancellation; socioeconomic factors; spatial regression models; machine learning

Introduction
Background
Surgical interventions, along with other diagnostic and
therapeutic procedures performed under anesthesia, can deliver
significant health benefits; it has been estimated that 30% of
the global burden of disease is treatable by surgery [1]. Unlike
most drug and nonprocedural therapies that require ongoing
adherence for maximal benefit, surgery is typically delivered
at a single encounter with a complex multidisciplinary health
care team. Therefore, barriers to compliance with surgery are
likely to be different from barriers to chronic treatment
compliance.
Cancellation is an important barrier to the successful delivery
of surgical therapy and is reported to affect between 2% and
20% of the 50 million procedures performed annually in
American hospitals [2,3]. Cancellation has become a focus of
interest at children’s hospitals in view of its substantial negative
repercussions for patients, families, and institutions. First, if
surgery is canceled, the child fails to receive therapeutic or
diagnostic benefits. Taking as an example the most common
surgery in childhood, insertion of ear tubes, confirmed by a
systematic review, reduces hearing loss in children with otitis
media with effusion [4]. Cancellation of, or even delay in,
insertion of ear tubes may thus impair language or speech
development and affect behavioral, cognitive, or quality of life
outcomes. For families, surgery cancellation leads to
psychological stress and increased financial burden. As an
illustration, researchers at another academic tertiary children’s
hospital, also in the American Midwest, found an average wasted
round-trip of more than 160 miles for those who come for
surgery but had to cancel [5]. This resulted in one-third of
accompanying family members missing a day of work, which
was unpaid in half of the cases. Parents and children expressed
disappointment, frustration, and anger as a result of cancellation.
From an institutional perspective, expensive staff and facilities
costs are not reimbursed when surgeries are canceled. Even
with a low 4.1% day-of-surgery cancellation (DoSC) rate at our
hospital, potential lost revenue exceeds US $3000 per hour for
operating room billing alone, with more than 5 hours lost per
day, costing over US $2 million per year [6].
In our previous work, we found that up to 85% of cancellations
may be amenable to modification of patients’ and families’
https://www.jmir.org/2021/9/e26231
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behaviors. We undertook a quality improvement project that
reduced cancellations by delivering interventions across the
board to all scheduled patients [6]. In preparation for subsequent
improvement efforts, we sought predictors of cancellation to
gain insight into its etiology and with the aim of targeting future
efforts more efficiently [7].
To date, most studies on surgery cancellation applied classical
statistical techniques to demonstrate association [8-14], whereas
few studies have used machine learning to predict surgical cases
at risk of cancellation [7,15,16]. Most recently, we developed
machine learning–based approaches to identify individual
surgery cases at high risk of DoSC from patient-specific and
contextual data from 2 distinct pediatric surgical sites of
Cincinnati Children’s Hospital Medical Center (CCHMC),
offering the promise of targeted interventions [7]. At the
conception of this study, we hypothesized that the risk of DoSC
at our tertiary children’s hospital varies according to the location
of the patient. We sought geographical clusters of high and low
cancellation rates and used these findings to explore the
underlying social determinants.
In recent years, increasing volumes of geospatial data have
become publicly available, including from censuses, cataloging
crimes, and relating to a variety of social and economic
processes. As, in spatial data sets, observations may not be
independent (spatial autocorrelation) or the relationships
between variables may vary across geographical space (spatial
nonstationarity), assumptions underlying conventional statistical
modeling approaches may be violated. For these reasons,
specialized methodologies have been developed for geospatial
analysis to explain the spatial patterns of human behavior and
the underlying factors that contribute to or explain these patterns
[17]. In addition, geospatial models may capture spatial patterns
(eg, spatial clusters) during model construction to achieve a
better fit [18-20]. Spatial autocorrelation measures quantify the
correlation of a variable with itself through geographical space
[21]. A mixed regressive spatial autoregressive (SAR) model
combines an autoregressive structure with a conventional
regression model by assuming that a regional outcome is also
impacted by outcomes from its neighbors [18], whereas a spatial
error model (SEM) combines a conventional regression model
with spatially autoregressive disturbances [22,23]. Spatial
moving average models are similar to SEMs but use a different
autocorrelation structure to represent the disturbances. Spatial
Durbin models extend the SAR framework by hypothesizing
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that a regional outcome is additionally impacted by predictors
from the neighborhoods that comprise it [18,23]. Similarly, an
SAR confused model is a generalized SAR model that
accommodates spatial dependence in both the outcome variable
and error terms [18]. A spatial Durbin error model includes
exogenous interaction effects in addition to interaction effects
among error terms [23].
Geospatial modeling approaches have been applied to a wide
range of public health problems, such as the estimation of
mortality or of air pollution effects or identification of causal
factors in disease [24-26]. However, such spatial analytical
techniques have not been used to study the geography of surgery
cancellation. In particular, community characteristics provide
vital information that is lacking when using individual-level
data in isolation. Therefore, in this study, we explore a variety
of established geospatial models to identify and visualize spatial
trends in cancellation rates and candidate predictors. The
findings were compared with those of the generalized linear
regression model (GLM) and deep learning model.

Objectives
This study presents a geospatial analysis of patient-specific
variables from the electronic health records (EHRs) of CCHMC
and of Texas Children’s Hospital (TCH) as well as of
socioeconomic factors measured at the census tract level. We
use the data to understand the potential contributors to spatial
variation in the cancellation rates of pediatric surgery. We
hypothesize that there are marked disparities in DoSC rates
across neighborhoods. To our knowledge, this is the first study
to investigate the geographic variation of pediatric surgery
cancellation rates. The long-term objective is to understand
contributors underlying DoSC and barriers experienced by
patients and their families so that support can be focused
efficiently toward families who are both in need and are most
likely to benefit.

Methods
Data
A 5-year geocoded data set (May 2011-May 2016) of 88,013
surgeries including 3702 (4.21%) DoSCs corresponding to
patients living in the hospital’s primary service area was
extracted from the CCHMC EHR. The data set included 2
primary surgical sites (main and Liberty campuses) of the
institution that covers 472 census tracts in Greater Cincinnati.
An equivalent set of 166,533 surgeries over 5.7 years with
10,236 (6.14%) DoSCs was extracted from the TCH EHR for
validation. The data set included 3 primary surgery sites (Texas
Medical Center, West Campus, and the Woodlands) of the
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institution that serves 1065 census tracts in Greater Houston.
Ethics approval for this study was provided by the CCHMC
institutional review board (study ID 2018-4568). Both CCHMC
and TCH are urban, pediatric academic medical centers that
function as the primary pediatric facilities for their surrounding
metropolitan areas and also accept many tertiary and quaternary
care referrals from elsewhere. All home locations were geocoded
with an in-house geographic information system to ensure that
no protected health information was sent outside the institution.
Owing to high address matching accuracy, 90.2%
(229,600/254,546) of the locations were geocoded at the
city-block level (ie, a group of buildings surrounded by streets),
and a further 6.8% (17,309/254,546) were geocoded at street
level (ie, center of the matched street). For all surgical activities
at CCHMC, cancellations are comprehensively adjudicated to
one of 10 reason codes by clinical staff at the time of
cancellation, thus allowing analysis for specific causes, including
acute patient illness, failure to attend surgery (no show), failure
to comply with eating and drinking instructions (nil per os
[NPO] violation), and refusal to undergo surgery by either
patient or family. For CCHMC, rescheduled cases were defined
as completed surgeries with prior cancellations of similar case
length within the preceding 90 days for the same individual. At
TCH, in the absence of estimated case length data, rescheduled
cases were determined by the procedure name and service
department. All rescheduled cases (CCHMC: 1578/88,013,
1.79%; TCH: 4077/166,533, 2.45%) were excluded from the
analysis to avoid diluting the effects of cancellation predictors
by subsequently completed surgeries.
EHR variables for individual surgery cases, including recent
health care use, schedule-related factors, prior cancellation
behaviors, and information from a preoperative telephone call,
were extracted as previously described [7] and spatially
aggregated at the census tract level (Table 1). The estimated
driving time from patients’ homes to surgical sites was
calculated and categorized into 6-minute intervals (>60 for
locations farther than 1 hour away) using the DeGAUSS R
package (Cole Brokamp) [27]. Socioeconomic factors were
obtained from the US Census Bureau’s 2011-2015 American
Community Survey (ACS) 5-year estimates, which provide data
at the level of individual census tracts [28]. ACS variables were
selected for practical relevance to successful preparation and
attendance for surgery, including those relating to poverty, home
ownership, household vehicle availability, housing (vacancy,
value, and crowding), marriage, educational attainment,
population density, linguistic isolation, African American
(Black) race, and Hispanic heritage (Table 2). Census tract
population density was computed as the ratio of the population
to the total land area.
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Table 1. Case-based variables from institutional electronic health records. (N=14).
Category

Variables, n (%)

Description

Transportation

1 (7)

Driving time from home to the surgical site

Preoperative phone call

1 (7)

Number of call attempts

Recent health care use

5 (35)

Number of recent emergency room attendance (two 2 time points), number of medications
taken regularly at home before surgery, office visits, and hospitalizations in the previous
6 months

Prior cancellation behaviors 5 (35)

Numbers of previous cancellations, previous no shows, previous other cancellations,
clinic no shows, and previous surgeries

Surgery related factors

Lead time and estimated case length

2 (14)

Table 2. American Community Survey data from the US Census Bureau measured at the census tract level.

a

ACSa table code

Table description

Extracted data

B02001

Race

Black or African American race

B03003

Hispanic or Latino origin

Hispanic or Latino heritage

B17012

Poverty status of families by household type by number of related children aged
<18 years

Families in poverty

B15002

Sex by educational attainment for the population aged ≥25 years

Population with low educational attainment

B16002

Language spoken at home and ability to speak English

Linguistic isolation

B06008

Place of birth by marital status in the United States

Adults never married

B08201

Household size by vehicles available

No car in household

B25003

Residential tenure

Rented houses

B25077

Median home value (US $)

Median home value

B19125

Median family income in the past 12 months by the presence of own children
aged <18 years

Median household income

B25002

Residential occupancy status

Vacant houses

B25014

Tenure by occupants per room

Household overcrowding

B01003

Census tract total population

Total population

ACS: American Community Survey.

Spatial Autocorrelation
In geospatial analysis, it is important to assess the spatial
independence of variables before model construction. Spatial
autocorrelation measures describe the degree of spatial
dependence or patterns for a variable across a spatial area [21].
We used the global Moran I statistic to test spatial independence
for the DoSC rate and extracted variables [29]. Moran I values
with significant P values (P<.05) indicate that the values for a
variable are either spatially clustered (positive Moran I value)
or dispersed (negative Moran I value), whereas there is no spatial
dependence of the variable if the P value is not significant.

Data Processing
DoSCs resulting from CCHMC’s top four most frequent
patient-related cancellation reasons (ie, patient illness, no show,
NPO violation, and patient or family refusal) were considered
as canceled cases (denoted as all-cause cancellation) [7]. Census
tracts without inhabitants (eg, for CCHMC, the census tract
corresponding to the Cincinnati or Northern Kentucky
International Airport—GEOID 21015980100) or with less than
20 surgical cases were excluded a priori. The rate of DoSC was
https://www.jmir.org/2021/9/e26231
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calculated per census tract for the primary service area of the 2
hospitals (463 for CCHMC and 1024 for TCH) with empirical
Bayesian shrinkage toward a beta before lessening the influence
of sparsely populated tracts with few patients [30]. The
corresponding rates for common patient-related cancellation
reasons were also computed for CCHMC (but not for TCH for
which such categorization was not available). For each census
tract, the rates of the categorized driving times were similarly
computed using empirical Bayesian estimation. The most
common category of driving time was used as the base category
to avoid the linear dependencies induced between the features.
Missing ACS values (ie, median home value: 0.9% (4/463) of
missing values for CCHMC and 1.66% (17/1024) of missing
values for TCH; median household income: 6.7% (31/463) of
missing values for CCHMC and 2.8% (29/1024) of missing
values for TCH) were imputed using grand mean and mode
imputation. The median home value and the median household
income were categorized based on information from the US
Census Bureau website [31-34]. All variables based on
percentages were rescaled based on IQR to aid the interpretation
of regression models [35]. The collinearity among variables
was tested using the variance inflation factor (VIF) [36].
J Med Internet Res 2021 | vol. 23 | iss. 9 | e26231 | p.836
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Variables not exceeding a predefined threshold of collinearity
(VIF<10) were included in the model construction. Finally,
EHR and ACS variables without evidence of significant
geospatial clustering were excluded from the data set.

Spatial Weights
Spatial weight matrices summarize the spatial relations between
the census tracts. Neighboring tracts were determined by sharing
at least one boundary edge. Inverse distance weighting was
applied to compute spatial weights [37], and weight matrices
were then standardized by row, such that the sum of spatial
weights for each census tract equals 1.

Conventional Regression Models
We modeled the prediction of the DoSC rate for each census
tract as a supervised regression problem and tested both
nonspatial regression models (GLM, L2-normalized GLM,
support vector machine with polynomial kernels [SVM-P], and
decision tree) and spatial regression models including SAR
model, spatial Durbin model, SEM, spatial Durbin error model,
spatial moving average, and SAR confused models
[18,22,23,38-40]. Appropriate variants of the spatial regression
models, such as the L2-normalized SAR models, were also
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implemented. We used these models to allow for the possibility
of spatial impact on a census tract by neighboring tracts.
Regression models were implemented using packages for the
R programming language (R Foundation for Statistical
Computing) [41].

Deep Learning Models
In addition to traditional regression models, we implemented
convolutional neural networks (CNNs) and graph convolutional
networks (GCNs) to allow for the possibility of nonlinear
relationships between the variables and DoSC rates [42,43].
Figure 1 illustrates the structures of the CNN and GCN models.
For CNNs, targeted census tracts with their K-nearest neighbors
(K=5, 10, 15, and 20) were used to construct feature vectors,
each of which was trained by a 2-layer 1D CNN. The
concatenated output was then used to predict the DoSC rates
for individual census tracts. For GCNs, an adjacency matrix
(eg, inverse distance weighting matrix) representing the graph
structure and a feature matrix were taken as inputs and a
framework with two layers of GCN and 1 layer of fully
connected neural network to predict DoSC rates. Deep learning
models were implemented using TensorFlow (version 2.2) for
Python [44,45].

Figure 1. Model development for deep learning models. CNN: convolutional neural networks; GCN: graph convolutional networks; KNN: K-nearest
neighbor.

https://www.jmir.org/2021/9/e26231

XSL• FO
RenderX

J Med Internet Res 2021 | vol. 23 | iss. 9 | e26231 | p.837
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Experimental Setup
Owing to the relatively low number of census tracts (sample
size) in the data sets, a nested 10-fold cross-validation (10 folds
for both the outer and inner loops) was adopted. The approach
randomly split the data set into 10 rotating subsets: 9 for model
training and hyperparameter tuning and 1 for testing at each
run. At each iteration, an inner cross-validation was applied to
the 9 folds of training data to tune a model’s hyperparameters
with grid search parameterization [46], including (1) cost
parameters for L2-normalized GLM [38], L2-normalized SAR
model [18], and SVM-P [39] (screened from 10−6 to 106); (2)
optimal degree for SVM-P (screened from 1 to 3); (3) minimum
number of observations in a node (3, 5, 10, 15, and 20) and the
complexity parameters (screened from 10−6 to 10−1, 0.3, 0.5,
and 0.8) for decision tree [40]; (4) learning rates of an optimizer
parameter (screened from 10−3 to 10−1) for deep learning models
[42,43]; (5) filter size of kernels (2 and 3) for 1D CNN layers
[42]; and (6) dimensionality of output space (40, 50, 60, 75,
and 90) for 2 GCN layers [43]. The model with optimal
hyperparameters was then trained on all 9 folds of data and
evaluated on the hold-out subset. The process was repeated 10
times to cover all subsets, and the evaluation score was averaged
across the subsets as the final performance of the model. Model
selection was based on the performance in the outer loop of the
nested cross-validation. For models without hyperparameters,
a 10-fold cross-validation was performed using the same folds
as used in the outer loop of nested cross-validation. To assess
the validity of the geospatial analysis, we compared the model
performances with those aggregated from individual DoSC
predictions. The best-performing gradient boosted logistic
regression model, with 58 EHR variables developed in our
previous study, was applied to the surgical cases located within
the studied census tracts to predict DoSC [7]. The
individual-level predictions were then aggregated to predict the
DoSC rate per census tract (denoted as the
individual-prediction-aggregation model).

Evaluation Metrics
Model performance was evaluated by root mean square error
(RMSE), which is a commonly used evaluation metric for
numerical predictions in regression analysis [47]. The spatial
autocorrelation of model residuals was assessed using the global
Moran I statistic for indications that the model was misspecified.
Geographically, weighted Pearson correlation was used to mark
census tracts with significant local correlations between
observed and predicted cancellation rates [48]. A
permutation-based technique was used to calculate the feature
importance scores using the DALEX (Model Agnostic Language
for Exploration and Explanation) R package (Przemyslaw
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Biecek) [49]. The importance of every variable was measured
by computing the increment of the RMSE when a single variable
was shuffled within the data set.

Results
Descriptive Statistics for the Data Sets
Among 86,435 CCHMC surgical cases meeting the analysis
selection criteria, the overall all-cause DoSC rate was 3.76%
(3255). Patients lived in 472 different census tracts within the
primary service area of the CCHMC. Of the 472 census tracts,
9 (1.9%) contributed to a few surgical cases (<20 cases) and
were excluded from the analysis. Of the 463 remaining, the
97.5th percentile for cancellation rate was 9.4%, but 10 tracts
(2.2%) had no cancellations. The TCH data set contained
166,533 surgical cases over 5.7 years, corresponding to 1065
different census tracts, with a DoSC rate of 6.14%
(10,236/166,533). After similar preprocessing, 162,026 surgery
cases and 1024 census tracts, with a median DoSC rate of 6.2%,
were included in the analysis.
Of note, the 463 census tracts within the CCHMC study area
had a median population of 3987 (IQR 2668, maximum 20,188),
with a total population of 2 million. The 1024 Houston area
census tracts encompassed a population of 6.38 million (median
5342 per tract). The relatively small population per census tract
supports that, although the ACS provides aggregate statistics,
these represent features of the locale and community
immediately adjacent to patients’ homes with a high degree of
spatial granularity. In support of this assertion, the proportion
of African American patients in each census tract from the
CCHMC EHR data is closely associated with the equivalent
proportion of the general population in the ACS data (R2=0.89).
This finding underscores the validity of using ACS variables
as surrogates for individual patients’ socioeconomic and
minority status, in addition to their characterization of the
surrounding context.
Figure 2 depicts the geospatial variation in DoSC rate by census
tract of home location in the Greater Cincinnati and Houston
regions. Enlarged maps are presented in Figures S1 and S2 in
Multimedia Appendix 1, and interactive maps are presented in
Multimedia Appendix 2 [50]. For CCHMC, tracts with increased
cancellation risk clustered mainly in the most populous urban
areas. Tracts with lower cancellation risk were located in
suburban and rural locations. However, in the Houston area
(Figure 2), high- and low-canceling census tracts were more
geographically dispersed. These visual impressions are
supported by the global Moran I as a measure of spatial
autocorrelation (Figure 3).
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Figure 2. Geospatial distributions of day-of-surgery cancellation rate in the primary service areas of (A) Cincinnati Children’s Hospital Medical Center
(2011-2016) and (B) Texas Children’s Hospital (2012-2017). CCHMC: Cincinnati Children’s Hospital Medical Center; TCH: Texas Children’s Hospital.

Figure 3. Spatial autocorrelation of day-of-surgery cancellation rate, case-based electronic health record variables and American Community Survey
variables for Cincinnati Children’s Hospital Medical Center and Texas Children’s Hospital measured by global Moran I with 95% CI. CANC: cancellation;
CCHMC: Cincinnati Children’s Hospital Medical Center; DoSC: day-of-surgery cancellation; ER: emergency room; MHI: median household income;
MHV: median house value; NPO violation: failure to comply with eating and drinking instructions; SURG: surgery; TCH: Texas Children’s Hospital.
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Predicting DoSC Rates With Conventional Regression
and Deep Learning Models
In preparation for model development, we tested for collinearity
among case-based EHR variables and ACS independent
variables using VIF. None of the variables exceeded a
predefined threshold of collinearity (VIF<10), which supports
their independence. Certain variables were excluded from model
development because they had insignificant Moran I values in
the spatial autocorrelation analysis (Figure 3). Specifically,
these variables excluded for low spatial variation were numbers
of previous surgeries (P=.13), previous cancellations (P=.06),
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previous non–no show cancellations (P=.19), and patient illness
(P=.07). The exclusion resulted in 46 and 37 numerical variables
for model construction for CCHMC and TCH, respectively.
Figure 4 presents the performance of the regression and deep
learning models in predicting the all-cause DoSC rates. The
lowest (best) RMSE was generated by the L2-normalized GLM
at 1.299% (95% CI 1.21%-1.387%) for the CCHMC data set.
All models outperformed the individual-prediction-aggregation
model (RMSE 4.189%, 95% CI 4.178%-4.201%). This finding
was statistically significant (P<.001). For the TCH data set,
L2-normalized GLM also achieved the best performance,
yielding an RMSE of 1.305% (95% CI 1.257%-1.352%).

Figure 4. Model performance for predicting day-of-surgery cancellation rates at census tract level for Cincinnati Children’s Hospital Medical Center
and Texas Children’s Hospital. Dashed line in each box represents the mean value of root mean squared error. CCHMC: Cincinnati Children’s Hospital
Medical Center; CNN: convolutional neural networks; DT: decision tree; GCN: graph convolutional networks; GLM: generalized linear regression
model; IPA: individual-prediction-aggregation model; RMSE: root mean square error; SAC: spatial autoregressive confused model; SAR: spatial
autoregressive model; SDEM: spatial Durbin error model; SDM: Spatial Durbin models; SEM: spatial error model; SMA: spatial moving average;
SVM-P: support vector machine with polynomial kernels; TCH: Texas Children’s Hospital.

To augment our understanding of potential cancellation causes,
we used DALEX [49] to identify the most important predictors
in the best-performing L2-normalized GLMs (Figures 5 and 6).
All-cause cancellation at CCHMC was predicted most strongly
by the variable previous no show (Figure 5). Turning to
community-level variables, the proportion of African American
inhabitants per census tract is important. However, among
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community-level factors in the Houston area, the proportion of
overcrowded households showed the strongest association with
surgery cancellation rate (Figure 6). The median household
income was also predictive, whereas spatial models highlighted
the importance of clustered neighborhoods with low educational
attainment (Figure S3 in Multimedia Appendix 1).
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Figure 5. Feature importance generated from the best-performing L2-normalized generalized linear regression model for the Cincinnati Children’s
Hospital Medical Center data set. Variables were ranked in descending order based on their importance in predicting all-cause day-of-surgery cancellation
rates. ER: emergency room; MHI: median household income; MHV: median house value; NPO: nil per os; RMSE: root mean squared error.
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Figure 6. (A) Feature importance and (B) impacts generated from the best-performing L2-normalized generalized linear regression model for the Texas
Children’s Hospital data set. Variables were ranked in descending order based on their importance in predicting day-of-surgery cancellation rates. MHI:
median household income; MHV: median house value; RMSE: root mean squared error.

The predicted DoSC rates at the census tract level from the
best-performing models for CCHMC and TCH are compared
with the actual data in the maps presented in Figure 7. Areas in
proximity to hospital locations and with larger populations
showed a higher correlation between the observed and predicted
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DoSC rates. Figure 7 shows the observed and predicted DoSC
rates for specific cancellation causes, as detailed in the next
section (enlarged maps in Figures S4-S11 in Multimedia
Appendix 1). The interactive map versions of Figure 7 are
presented in Multimedia Appendix 2 [50].
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Figure 7. Comparison of surgery cancellation rates at census tract level predicted by the best-performing model to actual data. Census tracts with
significant local correlation between the observed and predicted values are marked with red borders and cross-hatching. (A) Predicted all-cause surgery
cancellation rate at Cincinnati Children’s Hospital Medical Center; (B) predicted surgery cancellation rate at Texas Children’s Hospital; (C) observed
no show–related surgery cancellation rate at Cincinnati Children’s Hospital Medical Center; (D) predicted no show–related surgery cancellation rate at
Cincinnati Children’s Hospital Medical Center; (E) observed nil per os violation-related surgery cancellation rate at Cincinnati Children’s Hospital
Medical Center; (F) predicted nil per os violation-related surgery cancellation rate at Cincinnati Children’s Hospital Medical Center; (G) observed
patient or family refusal–related surgery cancellation rate at Cincinnati Children’s Hospital Medical Center; (H) predicted patient or family refusal–related
surgery cancellation rate at Cincinnati Children’s Hospital Medical Center. CCHMC: Cincinnati Children’s Hospital Medical Center; NPO: nil per os;
TCH: Texas Children’s Hospital; SCR: surgery cancellation rate.
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Predicting Specific Cancellation Codes
Cancellations were coded by reason in the CCHMC data set.
The four most frequent DoSC reasons account for more than
87% of the cases. These are patient illness (40%), nonattendance
(no show; 20%), concern for aspiration risk because of
noncompliance with preoperative NPO instructions (NPO
violation; 18%), and patient or family refusing surgery after
scheduling (10%) [6]. Cancellation because of patient illness
was not analyzed using a spatial approach because there was
no evidence of significant geospatial clustering (Figure 3).
Spatial risk analyses and predicted cancellation rates generated
by the best-performing models (Figure S12 in Multimedia
Appendix 1) for the other individual cancellation codes are
presented in Figure 7. Models using EHR data and ACS data
aggregated at census tract level achieved better performance
than individual-prediction-aggregation models (RMSEs of
1.124%, 0.868%, and 0.517% for no show–related, NPO
violation–related, and patient or family refusal–related surgery
cancellations, respectively). Of the 3 individual cancellation
causes examined in this way, no show showed better
geographically weighted Pearson correlation between observed
and predicted DoSC rates than NPO violation or patient or
family refusal (Figure 7). The key features for the specific
cancellation reasons are shown in Figure 5. Prior cancellation
behaviors, including the number of previous no show
cancellations and clinic appointment no shows in the previous
6 months were predictive for day-of-surgery no show
cancellation rates. Among community-level factors, the
proportion of never married adults showed an association with
no show cancellation rates. For both NPO violation–related and
patient or family refusal–related cancellation rates, the
proportion of African Americans per census tract, as well as
ACS markers of poverty (including the proportions of
households without a car, families in poverty or renting homes,
median household income, and median house value) were
salient. Linguistic isolation was predictive of the rates of
cancellation because of patient or family refusal.

Discussion
Principal Findings
This study aims to understand the potential contributors to
disparities in DoSC rates across neighborhoods. At 2 different
tertiary children’s hospitals, we found marked geographic
variation, particularly for cancellations coded as unrelated to
patient illness. To understand this spatial variation, we
developed models using case-based EHR data and ACS data
aggregated at the census tract level. For the CCHMC data set,
an L2-normalized GLM achieved the best performance in
predicting the all-cause DoSC rate, but its improvement over
the other regression models was marginal. The L2-normalized
SAR model showed a comparable performance. The
L2-normalized GLM performed better in urban areas around
the CCHMC (Figure 7), possibly because of the larger number
of surgical cases in these tracts. Interestingly, deep learning
models did not offer improved predictive power, suggesting
that geospatial impacts on DoSCs could be more regional and
linear. A similar performance trend was observed for the TCH
data set, suggesting the generalizability of our approach.
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Looking into the specific causes of cancellation at CCHMC,
we found that patient illness (the most frequently recorded
cause) did not show marked geographic variation. Of the 3 most
frequent individual causes that showed spatial variation, no
show was predicted better than NPO violation and patient or
family refusal by the models.
Our geospatial analysis was helpful in identifying key factors,
including potentially actionable predictors and underlying
DoSCs at the census tract level. In the CCHMC data set (where
the categorization of cancellation reasons was available from
the EHR, unlike for TCH), the all-cause DoSC rate is composed
of the top four most frequent patient-related cancellation causes
(ie, patient illness, no show, NPO violation, and patient or family
refusal). The key factors for all-cause cancellation reflect the
average consensus for specific cancellation causes. The rate of
prior no show cancellations by patients in a census tract best
predicted the all-cause DoSC rate (Figure 5). The use of ACS
data also provided granular and relevant information on
community social and economic factors that were not available
from the EHR, expanding the view of contextual factors likely
influencing a family’s preparations for their child’s surgery
[51]. We found that the proportion of African American
inhabitants per census tract was predictive of geographic
variation in the all-cause cancellation rate; that is, tracts with a
higher proportion of African American inhabitants had higher
DoSC rates. Important predictors for the 3 individual
cancellation causes are discussed in detail below.
For the best model to predict no show cancellation rate, prior
cancellation behaviors were of prime importance, including the
number of previous no show cancellations and clinic no show
in the previous 6 months (Figure 5). Both the GLM and SAR
model suggested that every unit increase in the number of
previous no shows was associated with a ~30% increase in the
no show DoSC rate (Figures S13 and S14 in Multimedia
Appendix 1). These patient- or family-level factors were
complemented by a series of contextual variables that proved
relevant. Indeed, for no show DoSCs, we found a similar link
with the census tract proportion of adults who had never married,
a potential surrogate for single parent–headed households. We
speculate that such households experience more difficulty
navigating day-to-day schedules. Working single parents may
have trouble taking time off work. Those with multiple children
may be challenged to ensure adequate coverage for their care.
Obtaining appointments can be difficult; they may be especially
difficult for those without a robust support structure [52].
Turning to NPO violation–related and patient or family
refusal–related cancellations, we found commonality in key
predictors. The proportion of African American inhabitants per
census tract was predictive of both NPO violation–related and
patient or family refusal–related DoSC rates. There are a variety
of reasons that could underlie this finding—the reasons built
atop analogous findings that highlight racial disparities across
a range of health outcomes [53-56]. Racial segregation is
strongly correlated with socioeconomic segregation in the United
States. We found that, in addition to the proportion of African
Americans within a tract, median household income, median
house value, proportion of households without a car, and the
proportion of families in poverty or renting homes were also
J Med Internet Res 2021 | vol. 23 | iss. 9 | e26231 | p.844
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influential [57,58]. Thus, it is possible that the link between
race and DoSC was largely driven by structural racism and the
concomitant challenges that accompany the disproportionate
economic disadvantage experienced by racial minorities (eg,
lack of trust in the health care system, inflexible work schedules,
transportation barriers, and competing priorities) [59-61].
Moreover, the proportion of adults who were never married was
salient to both. Linguistic isolation was associated with higher
rates of cancellation because of patient or family refusal (Figure
5). We, therefore, hypothesize that CCHMC’s communications
with urban, poor, minority, and non–English-speaking families
leave room for improvement. Similar predictors (in this case
for all-cause cancellation) were also identified using the TCH
data set, including the proportion of African Americans per
census tract and ACS markers of poverty (proportion of
overcrowded households, families renting homes, low median
household income, and low median house value; Figure 6).
Our analysis is novel for demonstrating that surgery cancellation
is a source of inequity in surgical care and also for applying
geospatial analysis to investigate barriers to care delivery.
Furthermore, unlike the majority of studies in the literature on
surgery cancellation, our study investigates patient- and
family-related factors in the community using a geographic data
set and offers insight into the underlying spatial risk factors and
barriers experienced by families.
The findings of this study offer encouragement that geospatial
analysis could appropriately be used to target interventions for
patients living in census tracts with a higher rate of cancellations.
In this way, support can be focused efficiently on families who
are both in need and are most likely to benefit. Moreover, the
specific predictors identified for individual cancellation codes
may inform the design of interventions to address specific failure
modes. For example, the association of cancellation risk with
linguistic isolation argues for delivering preoperative
communications using clear and simple language and for ready
availability of interpreting services.
Arguably, our results uniquely reflect the characteristics of the
Greater Cincinnati conurbation and its surrounding area, the

Liu et al
pattern of referrals for surgery at CCHMC, and preoperative
processes at this hospital. Thus, the findings may not be directly
applicable to other locations. However, we hypothesize that
similar social factors may determine cancellation patterns in
other hospitals offering surgery for children, as evidenced by
the similar performance and predictors observed in the TCH
data set. In particular, the methodology used is likely to be
transferable to other locales and institutions and to disparate
aspects of health care delivery. With the easy availability of
high-quality commercial or open-sourced geocoding software,
our approach will be relatively easy to translate.

Limitations
We acknowledge that our study is limited in several ways. First,
as an observational study, exposures to socioeconomic
disadvantage or to racial minority status are not the only
potential explanations for observed differences in cancellation
rates. Second, the study relied on extracting patients’ home
addresses from the EHRs, which may be inaccurate (eg,
outdated) or incomplete. In addition, cancellation of children’s
surgery likely depends on individual circumstances and perhaps
seasonal factors. Finally, the relatively low number of census
tracts (sample size) in the data sets might limit the application
of complex models, such as deep learning.

Conclusions
This study aimed to conduct a geospatial analysis of
patient-specific variables from EHRs and linked socioeconomic
factors to understand the underlying contributors to disparities
in DoSC rates across neighborhoods. Our findings demonstrate
the importance of home location, socioeconomic disadvantage,
and racial minority status on the last-minute cancellation of
children’s surgery. The success of future efforts to reduce
cancellation may benefit from taking social, economic, and
cultural issues into account. Although the original aim of this
study was to drive improvement efforts, our results add further
evidence of the importance of social determinants in children’s
health, including increased incidence and frequency of illness,
barriers to accessing health care, and readmissions [62,63].
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Abstract
Background: Patient portals play an important role in connecting patients with their medical care team, which improves patient
engagement in treatment plans, decreases unnecessary visits, and reduces costs. During natural disasters, patients’ needs increase,
whereas available resources, specifically access to care, become limited.
Objective: This study aims to examine patients’ health needs during a natural crisis by analyzing the electronic messages sent
during Hurricane Harvey to guide future disaster planning efforts.
Methods: We explored patient portal use data from a large Greater Houston area health care system focusing on the initial week
of the Hurricane Harvey disaster, beginning with the date of landfall, August 25, 2017, to August 31, 2017. A mixed methods
approach was used to assess patients’ immediate health needs and concerns during the disruption of access to routine and emergent
medical care. Quantitative analysis used logistic regression models to assess the predictive characteristics of patients using the
portal during Hurricane Harvey. This study also included encounters by type (emergency, inpatient, observation, outpatient, and
outpatient surgery) and time (before, during, and after Hurricane Harvey). For qualitative analysis, the content of these messages
was examined using the constant comparative method to identify emerging themes found within the message texts.
Results: Out of a total of 557,024 patients, 4079 (0.73%) sent a message during Hurricane Harvey, whereas 31,737 (5.69%)
used the portal. Age, sex, race, and ethnicity were predictive factors for using the portal and sending a message during the natural
disaster. We found that prior use of the patient portal increased the likelihood of portal use during Hurricane Harvey (odds ratio
13.688, 95% CI 12.929-14.491) and of sending a portal message during the disaster (odds ratio 14.172, 95% CI 11.879-16.907).
Having an encounter 4 weeks before or after Hurricane Harvey was positively associated with increased use of the portal and
sending a portal message. Patients with encounters during the main Hurricane Harvey week had a higher increased likelihood of
portal use across all five encounter types. Qualitative themes included: access, prescription requests, medical advice (chronic
conditions, acute care, urgent needs, and Hurricane Harvey–related injuries), mental health, technical difficulties, and provider
constraints.
Conclusions: The patient portal can be a useful tool for communication between patients and providers to address the urgent
needs and concerns of patients as a natural disaster unfolds. This was the first known study to include encounter data to understand
portal use compared with care provisioning. Prior use was predictive of both portal use and message sending during Hurricane
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Harvey. These findings could inform the types of demands that may arise in future disaster situations and can serve as the first
step in intentionally optimizing patient portal usability for emergency health care management during natural disasters.
(J Med Internet Res 2021;23(9):e31264) doi:10.2196/31264
KEYWORDS
Hurricane Harvey; natural disasters; patient portals; electronic messages; emergency preparedness; disaster medicine

Introduction

with care, reducing unnecessary visits and phone calls, and
decreasing health care service use and costs [8,17-21].

The prevalence of natural disasters such as storms and severe
flooding has increased over the last century, both nationally and
globally, leading to substantial human and financial loss [1-3].
In the United States, the average number of disasters per year
has significantly risen from 1.63 events per year (from 1917 to
1966) to 14 events per year (from 1967 to 2016) [3]. Since the
early 1990s, the average annual number of disasters has
dramatically escalated to 19.7 events [3]. Of the 10 worst natural
catastrophes in US history, 9 occurred after 2000.

Patient portals have a wide array of functionalities of potential
relevance in a disaster scenario, including secure messaging
between patients and health care providers; access to medical
records, test results, and education resources; and medication
refills [22-24]. In addition, portal access is often a prerequisite
to being able to schedule and attend telehealth visits, which
have increased significantly since the COVID-19 pandemic
struck [25-27]. Secure messaging has been reported to be among
the most commonly used features of patient portals [23,24], and
qualitative assessment of patient portal message content has
been conducted across various patient populations, including
patients with diabetes, surgical patients, and patients in the
primary care setting [10,28,29]. Prior studies have shown that
most messages were related to patients’ medical needs such as
appointments, medical problems, and test-related content
[28,29].

Hurricane Harvey was a Category 4 hurricane that made landfall
along the Texas coast on August 25, 2017. This storm deposited
more than 60 inches of rain onto the city of Houston and
surrounding areas and caused more than 100 deaths because of
direct or indirect effects [4]. It also adversely affected
approximately 200,000 homes, causing an estimated US $125
billion in damage, making it the second most financially
devastating storm after Hurricane Katrina in 2005 [5]. The
resultant flooding and damage caused by Harvey brought health
care access challenges for area residents across the Greater
Houston community. Other recent disasters include the
COVID-19 pandemic and winter storm Uri (February 2021)
that shut down the Houston area for 5 days and caused loss of
life because of infrastructure inadequacies. Both disasters
affected access to traditional health care settings. The operational
lessons learned during Hurricane Harvey have been previously
described and summarize the organizational response during
natural disasters [6]. During such disasters, the medical needs
of patients increase, whereas available resources become limited.
As a result of such emergency situations, health care
infrastructures are often unable to operate normally, thus
restricting patients’ access to timely care and communication
with their providers [7].
Digital patient portals were first introduced in the late 1990s
and are defined as secure web-based tools that allow patients
to access their health information and communicate with their
health care team through electronic messages [8-11]. Health
care organizations received government incentives under the
Meaningful Use Incentive Program of the Health Information
Technology for Economic and Clinical Health Act of 2009
which has increased the adoption and use of patient portals in
health care [12-14]. Current statistics suggest that approximately
90% of the health care organizations provide some type of
portals to their patients, and a 2016 American Hospital
Association report also showed that approximately 92% of the
patients are able to access their health records [15,16]. Patient
portals contribute to improving patient engagement in health
care, facilitating patient-centered care, enhancing satisfaction
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Although previous studies have examined portal messages sent
between patients and providers across various patient
populations and health care settings, these evaluations were
conducted during periods of standard care. Given that patients’
needs increase during emergency situations, communication
between patients and providers through patient portals could
be an effective tool to help patients manage their health status
and improve health outcomes in a period of heightened medical
need. However, to our knowledge, no study has evaluated
patients’ electronic messages or patient portal use during a
disaster. Therefore, this study aims to examine patients’ health
needs during a natural crisis, which can help guide future
intentional efforts with regard to using patient portals during
disaster periods.

Methods
Design and Setting
This study was conducted at Houston Methodist, which is a
large health system in the Greater Houston area comprising 8
hospitals, including an academic hospital. All patients can
request access to the web-based patient portal, which allows
them to communicate with health care providers, check
laboratory test results, update medications, request appointments,
and manage their care on the web. This study used a mixed
methods approach to assess patients’ immediate health needs
during an emergency situation resulting from Hurricane Harvey,
which was defined in this study as the day of hurricane landfall
and the following 6 days (from August 25, 2017, to August 31,
2017).
The study population was limited to patients aged 18 to 105
years, and portal access and portal nonaccess were compared
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by demographic characteristics. We included the entire
electronic health record (EHR) population for 2017 and created
categories for missing demographic information instead of
omitting these individuals. Omitting patients for selecting the
prefer not to answer response for race and ethnicity, specifically,
could have unnecessarily decreased the total population and
unintentionally reduced its diversity. In addition, all patients in
the quantitative model have data for portal activity during the
week of Hurricane Harvey, which is the main study objective.
This study was reviewed and approved by the institutional
review board of the Houston Methodist Research Institute.

Measures
Outcomes
Portal users were distinguished from the total patient population
in 2017 using a binary indicator for those who had an active
portal account, regardless of use. Portal use was measured using
patient-level audit trail data obtained from the EHR and was
coded binarily; Harvey portal use was defined as at least one
log-in during the designated disaster period week from August
25, 2017, to August 31, 2017. Harvey message sending was
also coded in a binary manner, with 1 assigned to all users who
sent at least one message during the study period.

Covariates
The main independent variable was the binary use of the patient
portal before Harvey in 2017, defined as a single log-in between
January 1, 2017, and August 24, 2017. The demographic factors
included age (18-44 years, 45-64 years, ≥65 years, or unknown),
sex (female or male), and race (White, Black, Asian, Other, or
Unknown). The Other category collapsed races with small
sample sizes and included Native Hawaiian or Other Pacific
Islander and American Indian or Alaska Native. The Unknown
category included patients who declined to answer demographic
questions or EHRs with no value for the respective category.
Binary measures of a defined set of comorbidities using the
Charlson Comorbidity Index [30] were created using
patient-level International Classification of Diseases, Tenth
Revision, codes based on discharge dispositions that accompany
all encounter types.
In all, five types of encounter variables were constructed based
on the date of appointment and included emergency department
(ED) visits, inpatient stays, observations, outpatient visits, and
surgeries. These encounter types were selected because they
were five of the most common encounter types of a total of 23
encounter types that year, representing 87% of the total
encounters. The categories for each of these encounter variables
were developed by considering the patients’ likelihood of or
need for interaction with the health care system, which we
assumed would be relative to their receipt of care related to the
disaster timeline (eg, patients’ portal use would likely increase
just before or directly after an appointment, procedure, or other
encounter). The encounter categories were defined as (1) no
encounter in 2017; (2) an encounter in 2017, excluding the 4
weeks before, the week of, and the 4 weeks after Hurricane
Harvey (January 1-July 27, 2017, or September 29-December
31, 2017); (3) the 4-week period both immediately before (July
28-August 24, 2017) and immediately after the week of Harvey
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(September 1-September 28, 2017); and (4) an encounter during
the week of Harvey (August 25-August 31, 2017).

Analytic Methods
The quantitative evaluation included two main binary indicators
of portal use: portal use of any kind and message sending during
the defined study period. The qualitative evaluation component
identified messages by date and examined all message content
sent through the patient portal during the week of Hurricane
Harvey. Further quantitative analyses focused on portal use
were limited to the subset of patients with a portal account
because access to the portal was a prerequisite.
Descriptive statistics were calculated for the total patient
population in 2017 and patients with an activated portal account
and compared with those of portal nonusers, in addition to the
subpopulations of interest in this study (ie, portal use and
message sending during Harvey), to readily allow for
comparison of the patients’ characteristics. The mean and SD
were calculated for continuous variables, and frequencies and
percentages were used for categorical variables. We used
two-tailed t tests or Pearson chi-square tests to initially examine
differences between portal users and portal nonusers but
presented standardized mean differences (SMDs) given the large
sample size of the study population; an absolute value greater
than or equal to 0.10 of the SMD was considered statistically
significant [31]. We used logistic regression models to assess
predictors of portal use (model 1) and portal message use (model
2) during Hurricane Harvey. All statistical analyses were
conducted using Stata version 16 (StataCorp LLC). Statistical
significance was set at P<.05.

Qualitative Methods
All electronic messages sent by patients through the web-based
patient portal during the study period were extracted from the
EHR, and message IDs were used to pair individual messages
with the sender and receiver. Structured query language was
used to format the message threads and export them to a
spreadsheet. All automated or systemwide messages were
excluded, such as bulk messages regarding office closures and
other disaster-related communications sent from the health
system. Initially, we attempted to segregate Harvey-related
messages from standard care messages, but given the subjective
nature of defining a Harvey-related message, all messages from
the study period were reviewed in the qualitative thematic
analysis [32,33]. The first message file (4354/9316, 46.74% of
messages) was coded without a priori defined themes by JB,
BSF, and TM using the constant comparative method, which
is an inductive data coding process [34]. After reviewing the
common themes across these initial messages, the following
targeted research questions were developed:
1. What problems did patients face during Harvey that they
communicated through the patient portal?
2. How were providers able to help patients through the patient
portal?
3. What needs were providers unable to address through the
patient portal?
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The coding of the remaining messages (4962/9316, 53.26%)
was guided by these questions and performed using Quirkos
software version 2.4.1 (Quirkos) [35]. Both initial coding rounds
were combined into a Microsoft Excel (Microsoft Corporation)
file, where the second-level theme assignment was carried out
individually by JB and BSF. Weekly group meetings, which
included TM, JB, BSF, and JMK, with other authors attending
as needed, were held to discuss and condense second-level
themes. The codes created by the 2 primary coders (JB and
BSF) were compared during these meetings, and inconsistencies
between them were resolved through discussion to reach a
consensus.

Results
Overview
The study sample included 557,024 patients aged between 18
and 105 years. We categorized this population into portal users,
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portal nonusers, portal users during Harvey, and message
senders during Harvey, in addition to categorizing portal users
with and without encounters in 2017 (Figure 1). The percentage
of patients with an activated portal account (portal users) and
those with no account (portal nonusers) was 45.82%
(255,271/557,024) and 59.55% (331,753/557,024), respectively.
Among portal users in 2017, 12.43% (31,737/255,271) used the
portal during Harvey, which is 5.69% (31,737/557,024) of the
total Houston Methodist patient population. It is interesting to
note that of these patients, 54.4% (17,265/31,737; encounter)
had at least one appointment in 2017, and 24.63% (7816/31,737)
of these patients had an appointment surrounding (4 weeks
before or 4 weeks after) or during the week of Harvey. Of the
4079 patients who sent a portal message during Harvey, 2516
(61.68%) had an appointment in 2017 and 1317 (32.28%) had
an appointment either 4 weeks before, the week of, or 4 weeks
after Harvey.

Figure 1. Flow diagram of selection process for study population and total number of patients who messaged during Hurricane Harvey.

A total of 11.96% unique patients (66,647/557,024 of the total
patients) sent a portal message at least once in 2017, totaling
364,617 messages, with an average of 1.62 messages per patient.
Among these messages, approximately 2.55% (9316/364,617)
were sent during Harvey, with an average of 2.3 messages per
patient. Analysis of the number of messages sent per day showed
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that the most number of messages were sent on Thursday (the
last day) during the week of Harvey (2981/9316, 31.99%),
followed by Wednesday (the sixth day: 1981/9316, 21.26%)
and Friday (the first day: 1726/9316, 18.53%). Overall, we
found that although patient portal use declined during Harvey,
portal messaging maintained near average patient-level use. In
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2017, 13.8% of unique patients of the total activated users used
the messaging function of the portal [32] compared with 12.85%
(4079/31,737) of the patients who logged into the portal during
Harvey and who also sent a message.

Quantitative Results
Portal Access and Portal Use During Harvey
Multimedia Appendix 1 shows the descriptive statistics of the
total number of patients in 2017 (n=557,024) and of the
subpopulations of interest: patients who used the portal during
Harvey (n=31,737) and patients who messaged during Harvey
(n=4079). Most of the patients who messaged and used the
portal were aged 45 years or older, female, White, and
non-Hispanic/Latinx. Of the total number of portal users during
Harvey, 43.51% (13,808/31,737) had an outpatient encounter,
as did more than half (2065/4079, 50.62%) of the patients who
messaged during Harvey, which is consistent with the number
of overall portal users in 2017 because patients with outpatient
encounters composed the largest percentage of portal users in
general. When comparing portal users and portal nonusers in
2017, we found that portal users were more likely to be aged
below 65 years, female, White, and non-Hispanic/Latinx
compared with portal nonusers. Age, race, and ethnicity were
statistically significant different between the portal user groups
(SMD >0.10), although sex was not. The patients who used the
portal in 2017 had lower percentages of most of the known
comorbidities except cancer, connective tissue disease, and mild
liver disease compared with their counterparts; however, SMDs
for all comorbidities were less than 0.10.
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Portal Use During Hurricane Harvey
To examine the predictors of patient portal use during Hurricane
Harvey, we used multivariate logistic regression (model 1; Table
1). We found that the patients who had used the portal before
Harvey in 2017 were approximately 13.7 times more likely to
use the portal during Harvey than those who had not used the
portal (odds ratio [OR] 13.688, 95% CI 12.929-14.491; P<.001).
Compared with the patients aged 18-44 years, those aged 65
years or older were 1.13 times as likely to use the portal during
Harvey (OR 1.128, 95% CI 1.091-1.166; P<.001), but those
aged 45-64 years were less likely to use the portal during Harvey
(OR 0.949, 95% CI 0.921-0.978; P=.001). Male and
Hispanic/Latinx patients were less likely to use the portal during
Harvey than female and non-Hispanic/Latinx patients (OR
0.963, 95% CI 0.938-0.989, P=.005 and OR 0.860, 95% CI
0.823-0.898, P<.001, respectively). The results also showed
that patients who had an appointment within 4 weeks before or
after Harvey were more likely to use the portal during Harvey
than those who did not have any appointment in all types of
encounters (OR 2.052, 95% CI 1.973-2.134 for outpatient; OR
1.810, 95% CI 1.681-1.949 for surgery; OR 1.608, 95% CI
1.444-1.790 for observations; and OR 1.673, 95% CI
1.551-1.804 for inpatient, P<.001 and OR 1.085, 95% CI
1.001-1.175 for ED, P=.046). In addition, the positive
associations between having an appointment during Harvey and
using the portal during Harvey were found to be stronger for
each type of encounter than with having an appointment within
4 weeks before or after Harvey (OR 5.897, 95% CI 5.094-6.826
for outpatient; OR 4.337, 95% CI 3.106-6.057 for surgery; OR
4.697, 95% CI 3.366-6.554 for observations; OR 2.917, 95%
CI 2.340-3.635 for ED; and OR 2.743, 95% CI 2.307-3.261 for
inpatient; P<.001).
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Table 1. Results of logistic regression models fitted to the outcomes: used the patient portal during Harvey (Model 1) and messaged during Harvey
(Model 2).
Independent variables

Model 1: used patient portal during Harvey

Model 2: messaged during Harvey

ORa (95% CI)

OR (95% CI)

P value

P value

Used portal before Harvey in 2017 (reference: no portal use in before Harvey in 2017)
Yes

13.688 (12.929-14.491)

<.001

14.172 (11.879-16.907)

<.001

45-64

0.949 (0.921-0.978)

.001

1.168 (1.081-1.262)

<.001

≥65

1.128 (1.091-1.166)

<.001

1.298 (1.192-1.413)

<.001

0.963 (0.938-0.989)

.005

0.899 (0.841-0.962)

.002

Black

0.977 (0.940-1.017)

.26

0.859 (0.775-0.952)

.004

Asian

0.987 (0.939-1.038)

.61

0.793 (0.690-0.912)

.001

Other

1.097 (1.031-1.168)

.004

1.081 (0.919-1.272)

.34

Unknown

0.990 (0.929-1.056)

.76

1.015 (0.859-1.198)

.86

Hispanic/Latinx

0.860 (0.823-0.898)

<.001

0.854 (0.763-0.955)

.006

Unknown

0.978 (0.900-1.061)

.59

1.008 (0.814-1.248)

.94

Encounter in 2017 outside Harvey periodb

0.898 (0.872-0.925)

<.001

1.037 (0.961-1.120)

.35

Encounter peri-Harveyb

2.052 (1.973-2.134)

<.001

2.465 (2.260-2.689)

<.001

Encounter during Harveyb

5.897 (5.094-6.826)

<.001

5.009 (3.944-6.362)

<.001

Encounter in 2017 outside Harvey periodb

0.953 (0.912-0.996)

.03

0.989 (0.890-1.100)

.85

Encounter peri-Harveyb

1.810 (1.681-1.949)

<.001

1.762 (1.514-2.050)

<.001

Encounter during Harveyb

4.337 (3.106-6.057)

<.001

0.583 (0.184-1.843)

.36

Encounter in 2017 outside Harvey periodb

0.861 (0.810-0.915)

<.001

0.931 (0.807-1.075)

.33

Encounter peri-Harveyb

1.608 (1.444-1.790)

<.001

1.444 (1.156-1.802)

<.001

Encounter during Harveyb

4.697 (3.366-6.554)

<.001

1.201 (0.549-2.628)

.65

Age (years; reference: 18-44 years)

Sex (reference: female)
Male
Race (reference: White)

Ethnicity (reference: non-Hispanic/Latinx)

Outpatient (reference: no encounter in 2017)

Surgery (reference: no encounter in 2017)

Observations (reference: no encounter in 2017)

Emergency department (reference: no encounter in 2017)
Encounter in 2017 outside Harvey periodb

0.722 (0.690-0.755)

<.001

0.900 (0.809-1.002)

.06

Encounter peri-Harveyb

1.085 (1.001-1.175)

.046

1.407 (1.188-1.667)

<.001

Encounter during Harveyb

2.917 (2.340-3.635)

<.001

2.317 (1.505-3.565)

<.001

Encounter in 2017 outside Harvey periodb

0.903 (0.861-0.947)

<.001

1.039 (0.930-1.161)

.50

Encounter peri-Harveyb

1.673 (1.551-1.804)

<.001

1.882 (1.619-2.186)

<.001

Encounter during Harveyb

2.743 (2.307-3.261)

<.001

2.088 (1.498-2.909)

<.001

Inpatient (reference: no encounter in 2017)

a

OR: odds ratio.

b

Outside Harvey period defined as the periods January 1-July 27, 2017, and September 29-December 31, 2017; peri-Harvey period defined as the 4-week
periods both immediately before Harvey (July 28-August 24, 2017) and immediately after Harvey (September 1-September 28, 2017); and during
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Harvey period defined as August 25-August 31, 2017.

Message Sending During Hurricane Harvey
To explore the factors associated with patients sending a
message during Harvey, we also used multivariate logistic
regression analysis (model 2; Table 1). The results revealed that
prior portal use in 2017 was positively associated with sending
a message during Harvey (OR 14.172, 95% CI 11.879-16.907;
P<.001). Patients aged 45-64 years or those aged 65 years or
older were more likely to send a message through the portal
during Harvey than those aged 18-44 years (OR 1.168, 95% CI
1.081-1.262 for those aged 45-64 years and OR 1.298, 95% CI
1.192-1.413 for those aged 65 years or older; P<.001). Male,
Black, Asian, and Hispanic/Latinx patients were less likely to
send a portal message during Harvey than their counterparts
(OR 0.899, 95% CI 0.841-0.962, P=.002 for sex; OR 0.859,
95% CI 0.775-0.952, P=.004 for Black patients; OR 0.793, 95%
CI 0.690-0.912, P=.001 for Asian patients; OR 0.854, 95% CI
0.763-0.955, P=.006 for Hispanic/Latinx patients). We found
that patients with an appointment within 4 weeks before or 4
weeks after Harvey were more likely to send a portal message
during Harvey than those without an encounter for each type
of encounters (OR 2.465, 95% CI 2.260-2.689 for outpatient;
OR 1.762, 95% CI 1.514-2.050 for surgery; OR 1.444, 95% CI
1.156-1.802 for observations; OR 1.407, 95% CI 1.188-1.667
for ED; and OR 1.882, 95% CI 1.619-2.186 for inpatient;
P<.001). Furthermore, patients who had outpatient, ED, or
inpatient encounters during Harvey showed higher ORs for
sending a message during Harvey than those who had no
encounter (OR 5.009, 95% CI 3.944-6.362 for outpatient; OR
2.317, 95% CI 1.505-3.565 for ED; and OR 2.088, 95% CI
1.498-2.909 for inpatient; P<.001).

Qualitative Results
Overview
A total of 9316 electronic messages (inclusive of sent and
received messages) were paired with 4079 unique patients
during the study period and evaluated to identify emergent
themes. Despite electricity outages during Hurricane Harvey,
portal users were still able to communicate with providers during
this disruption of care, although portal use decreased overall
during this period compared with the rest of the year. We
categorized message content into the following themes that
summarize patients’ needs and providers’ responses during
Hurricane Harvey: access, prescription requests, medical advice,
mental health, technical difficulties, and provider constraints.

Access
Messages related to access included no physical access to health
care (eg, physician office closures requiring rescheduling or
rerouting), no physical access to pharmacy services (eg,
pharmacy closures due to flooding and power outages),
structural access issues (eg, roadway conditions or flooding
blocking transportation to health services), and patients’ inability
to access established health services (eg, evacuation to a
nonflooded area or being stranded away from home).
Sometimes, these varied types of access would overlap; for
example, a displaced patient unable to access their established
https://www.jmir.org/2021/9/e31264
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surgical team described a structural access issue despite having
physical access that required rescheduling:
Due to the weather they called me yesterday to cancel
my preop appointment, but they kept my surgery for
tomorrow. Unfortunately, there is NO WAY I can get
out of my house tomorrow, the water on the street is
too high to allow us to drive to the hospital...I need
to reschedule all my appointments. [Portal user]
Several patients requested a web-based referral because the
disaster required them to temporarily relocate to another city
and cancel existing appointments; however, the serious nature
of the condition required ongoing specialized care.
My wife and I fortunately relocated to [city name]
just before Harvey as it turns out and now are only
dealing with issues regarding our house in Houston
which was flooded. Since I have a need for a
cardiologist in [city], could you kindly refer me to
one? [Portal user]
In addition, patients sought direction from providers, exchanging
messages on when and how to safely reach health facilities.
Patients sometimes asked for suggestions on where to find
accessible pharmacy locations, and providers routinely resent
prescriptions and laboratory test orders to different locations to
enable patient access:
Script is on the way! Hope the pharmacy is open! Let
me know either way. We are trying to assess the area.
All the roads out of [location] are blocked by water.
[Provider]
Patients and providers used the portal to discuss and confirm
appointments while requesting or providing advice on navigating
the roadways:
Do you know about [location] area?...I’ll just try to
keep my appointment for tomorrow... [Portal user]
249 and 1960 are open and I’m here today if you want
to come in this morning. Let me know. [Provider]

Prescription Requests
Patients frequently messaged providers regarding prescription
needs due to their inability to acquire their medications, fear
of running out during the disaster period (eg, prescription
refills), and emerging medical needs that resulted from the storm
(eg, new prescription requests or replacement medications).
Most patients asked to refill prescriptions because they were
running out of medication. Some patients described situations
in which their medications were destroyed or unreachable
because of flooding and requested a prescription refill:
My prescriptions along with everything in my house
have been destroyed. My whole house is under water
and I haven’t gotten to take any of my
medicine...please put in another prescription to me
for [pharmacy name]? I haven’t even taken one single
pill out of the medicine you gave me. [Portal user]
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Several messages came from patients who could not return
because of Harvey but needed to acquire the medication out of
state:
I am currently stranded outside of Boston, MA, and
we’re not sure when we’ll make it back. I have two
more days of medication. Is there any way you can
send in an emergency prescription to [pharmacy
name] at [address in MA]? [Portal user]
Other patients messaged that they were struggling to get the
medication because of weather-related pharmacy closures or
lack of medication available at their local pharmacy. They asked
providers to resend a prescription to an alternative available
pharmacy, saying as follows:
The pharmacist assistant at [pharmacy name] on
[pharmacy location road] informed me that the
prescription that Dr.[X] called in for me for [beta
blockers] is difficult to get...Can Dr. [X] prescribe
something else for me? [Portal user]
Some messages included context related to delay or disruption
of care due to difficulties in acquiring medication from a
pharmacy or a delayed prescription approval from a provider
during the hurricane situation:
He took the last of his [immunomodulatory drug] on
Aug. 22...However, the pharmacy notified us that
because of the storm the medication could not be
delivered...As of today, we have not received his
prescription. [Portal user]

Medical Advice
A varied heterogeneous family of portal message topics reflected
patients’ need for medical advice during the disaster. We found
that the types of medical advice that patients were seeking were
related to chronic conditions, acute care, urgent needs, and
Harvey-related injuries.
Advice was sought during the disaster for existing chronic health
conditions, including diabetes, hypertension, seizures, and
migraines. The questions included medication adjustments,
symptom assessment, and management until regular health care
operations could resume. A patient messaged during the night
with concern regarding elevated hypertension and associated
physical symptoms. The patient described severe headaches,
facial numbness, and dizziness and used the portal to seek
medical advice after avoiding a potentially crowded medical
facility:
I need your advise how [sic] to manage my
[hypertension] at night...I was told Methodist WB is
so packed and people were waiting to be seen I
elected not to go, I was able to sleep for 3 hrs and
this morning my bp was 146/90, Can I take
[antihypertension drug] 50 mg in am and [Calcium
channel blocker] 10 mg at night... [Portal user]
Patients used the portal to seek medical advice for acute illnesses
that occurred during the disaster period. These messages detailed
symptoms of common ailments, including allergies, urinary
tract infections, and upper respiratory infections. Providers were
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able to readily address many of these acute care needs through
the portal:
I came home with a wicked sore throat. It hurts when
I talk and swallow. I get strep all the time and I’m
worried about that. I checked with a flashlight and it
looks like there is white in the back of my throat. I
am not 100% sure. I’m worried about driving in, and
worried you won’t have an appointment. If I can’t get
into see you what should I do? [Portal user]
Hi [name], I am sending amoxicillin to your
[pharmacy name] now. [Provider]
There were instances in which patients reached out to their
providers for urgent guidance, including patients who had
recently undergone surgery in the weeks before the hurricane
who messaged for postsurgery guidance. In addition, pregnant
patients nearing anticipated delivery dates used the portal to
reach their providers to describe new symptoms that could affect
their pregnancy and to make alternative birthing plans if delivery
were to occur during the disaster or if they were displaced
because of evacuation. An urgent message request was sent by
a pregnant patient to obtain guidance and to transfer her patient
information:
I’m leaking some sort of fluid can a nurse call me
[phone number]...Can you send over my records to
the hospital I’m in now... [Portal user]
Other patients sought advice regarding Hurricane
Harvey–related injuries. The portal reflected specific questions
about injuries resulting from disaster preparations to protect
property (eg, strained muscles from moving furniture) as well
as postdisaster recovery efforts, including exposure to unclean
flood water. These types of messages included concerns related
to infection and tetanus through minor injuries:
...are you opened [sic] today? I got a cut on my leg
while helping rescuing on Monday. I spoke with Dr
[name] and he said I need to be seen and need a
tetanus sho[t]... [Portal user]
Other patients sought medical advice after a substantial injury
and the inability to receive routine medical care during the
disaster:
Dr [name], during the flood I slipped in my house
and believe I have broken at least one toe...My foot
continues to swell and 3 toes are bruised...Would you
be able to just send an order for an xray to San
Jacinto outpatient bldg for xray? The...[m]edical
clinic close to my house has not been open all
wee[k]... [Portal user]

Mental Health
Several patients expressed feelings of experiencing tragedy,
anxiety, and depression in relation to the storm, flooding, and
loss of property. Patients used words such as “devastated” and
“surreal” to convey their feelings to health care providers. These
messages were often sent as prescription requests for short-term
medication options to aid in coping during the disaster. Portal
users described physical symptoms associated with the mental
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health aspects of storm-related anxiety, especially the inability
to sleep:
We had flooding in our house, and it’s been stressful.
I’m wondering if you could prescribe me [controlled
substance – sedative] or similar to help with
anxiety/sleeplessness. [Portal user]
Some patients noted how stress brought on by the circumstances
of the hurricane resulted in physiological responses:
The stress of this situation has induced a few panic
attacks. I realize I am due for an office visit but it is
not possible during this flooding situation and caring
for my elderly mother. I would appreciate a one month
renewal on these medications until we get this
situation squared away. [Portal user]
Others conveyed descriptive accounts of their own
circumstances during Hurricane Harvey that led to feelings of
reduced mental health and well-being when making prescription
requests:
...Unfortunately, [we] (our 6 year-old son)...were not
so lucky. We took on serious amounts of water/sewage
throughout our entire home and ended up having to
make a treacherous emergency evacuation walking
in water above our chest (with my son on my head)
for 90 minutes through rushing currents to reach
safety...The stress of worrying about my son and
[name] (who slipped under the water and was sucked
down [from] the undercurrent) is leaving me
completely anxious and unable to calm down... [Portal
user]
Some users asked to be connected directly with a mental health
professional through the portal during the disaster. This situation
was addressed by providers sending referrals through the portal:
...this catastrophe...likely caused blackout[s] for
people who suffered in past. Do you want to see
therapist or psychiatrist, [so] I can place correct
order[?] [Provider]

Technical Difficulties
Patients’ messages described communication difficulties that
were often related to office closures, phone malfunctions, and
other crisis-related technical difficulties. Some patients said
that they wanted to call an office to confirm their appointment
or check if the office was open, but the office phone was not
working:
We have tried calling the [location] office, but the
recording says that the line is not in service. We’ve
also tried calling the [alternative location] office
number but could not get through. Please advice [sic].
[Portal user]
Several messages reflected that patients’ prescriptions were not
delivered to the pharmacy because of a problem with the
pharmacy’s electronic system. One provider messaged to inform
a patient of the circumstance:
We have noticed in our office that since the storm
some electronic prescriptions are not going through,
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I am guessing due to damaged fax lines and EMR
malfunctions. Please let us know if your prescription
did not transmit and we can call it in. [Provider]
Some patients mentioned that communication was delayed
because internet access was limited on account of Hurricane
Harvey. Other patients messaged to report difficulties in
rescheduling an appointment or surgery because of an issue in
the web-based scheduling system:
I tried to re-schedule my appt from...yesterday for Fri
09/01, at 2:00. Online scheduling showed that
date/time available but now it doesn’t show as
scheduled...I have no idea whether I should come in
Friday at 2:00 or schedule another time or? [Portal
user]

Provider Constraints
Occasionally, in their responses to patients, providers noted
their own difficulties in fully addressing patient needs through
the portal during the disaster. The providers mentioned technical
complications, including loss of power and internet access,
which delayed message responses; flooding that inhibited their
ability to travel to medical facilities; technical issues related to
accessing the EHR; office closure due to flooding; and
inadequate ability to assess some medical conditions through a
digital portal. Many complications in addressing patient
messages were related to providers’ home or office damage (eg,
flooding and loss of power) caused by the storm. Further
obstacles were noted due to inadequate access to patient records
through the EHR or limited to no access to the internet and
patient portal to readily respond to patients’ requests:
Sorry I did not answer you sooner - we did not have
any electricity or internet so I could not get on [the
patient portal]. Please call the oncall number if you
have any problems - they will contact me or another
post coordinator to assist... [Provider]
We found that while providers were navigating storm-related
issues, other members of the health care team were able to alert
patients regarding delayed provider responses:
Good Morning, I apologize for the inconvenience
upon you at this time. Dr. [X] is not available like
others he is unable to return to work at this time, but
he is checking his messages throughout the day. When
he responds I will definitely respond to this message.
[Provider]
Additional complications prevented providers from adequately
addressing patient concerns through the portal. Certain
conditions must be evaluated in office; thus, some providers
noted that the digital portal was not sufficient and referred
patients to urgent care centers with guidance as appropriate:
Dr. [X] is not able to access [electronic health record
software] at this time, and the office is closed Monday
and Tuesday. If your symptoms [s]ignificantly worsen
or anything changes, go to urgent care... [Provider]
For additional representative quotations in each of the themes
discussed above, see Textbox 1.
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Textbox 1. Representative quotes of qualitative portal message themes. All quotes are from patient portal users, unless otherwise noted.
Access
•

“I am sorry but I will have to postpone my today’s appointment due to Hurricane Harvey and associated rain and traffic mess on Houston roads.
I will reschedule after next week once everything calms down.”

•

“Due to the storm, my appointment with the Orthopedic surgeon got cancelled...I don’t know for how long. Can you refer me to another Doctor
as I don’t want to keep waiting...in case my foot is not healing properly?”

Prescription requests
•

“I have been flooded out of my house and don’t have any of my meds. Can you call in to [my pharmacy location] with a few days of each of my
meds?”

•

“Sunday I was rescued by boat from my home and a holed up now at [location]. – also lost both vehicles in the flood. Really stressed out. Can
you prescribe something to calm me through the next few weeks?”

Medical advice
•

“...based on the condition with the weather would it be possible for me to go to urgent care to get my stitches remove, it is becoming increasingly
uncomfortable.”

•

“All week my eyes were fine while I was taking the steroids. Since yesterday they are starting to itch and the lids are red and swollen again. What
would you suggest I do?...”

Mental health
•

“Due to recent events, (Tropical Storm Harvey,...multiple family tragedies, moving,...etc), I am not feeling the effects from taking this medication.
I was wondering if it was possible to at least temporarily increase the dosage or increase to twice daily?”

•

“...my home was completely flooded I have lost all of my meds and breathing machine and inhalers I am having a hard time breathing and my
anxiety is out the roof being in a shelter my stress is extremely high...please help me figure this out...”

Technical difficulties
•

“I was away from my phone and did not answer in time. When I tried to call back, I get an error message...I am just wondering if my appointment
is still schedule[d]...”

•

“My [pharmacy] lost electricity and phones. They reopened today but still do not have phones. Please call in a script to [pharmacy] at [alternative
location].”

Provider constraints
•

“I did forward your message to Dr. [X], he is not able to get out his neighborhood. I hope to hear from him today on what labs he wants to order
for you. I will let you know as soon as I put in the orders.” [provider]

•

“Please call our office so one of our medical assistants can send your order. At this time I’m not able to fax anything, we are just working from
a laptop and I’m currently in Dallas due to the storm.” [provider]

Discussion
Principal Findings
We found that prior use of the patient portal was highly
predictive of both using the patient portal and sending a message
during Hurricane Harvey. This study uniquely included
encounter data as a proxy measure, which we expected to be
predictive of portal use generally but also specifically during a
disaster situation. More than half of the total number of portal
users during Hurricane Harvey had an outpatient encounter
within 4 weeks before or after the week of the hurricane. Patients
with recent and upcoming interactions with the health system
were also more likely to have used the portal and messaged
providers during the main week of Hurricane Harvey, indicating
the importance of including health care needs in portal use
analyses.
Previous evidence during normal operations suggests that active
portal users had higher comorbidity scores [36], and patients
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classified as high risk with comorbidities may benefit from
using the patient portal messaging system [24,37-39], which
extends to the importance of portal use during widespread
natural disasters to address potentially urgent or serious medical
care. Given that patients with health conditions who use secure
electronic messaging may show an improvement in health
outcomes [40,41], it could be a valuable extension of medical
care to encourage patients with ongoing medical needs (eg,
chronic comorbidities) to actively use the portal, particularly
in emergency circumstances.
The significance of prior use lends support for portal training
interventions or enrollment efforts to decrease racial, ethnic,
and age disparities seen in the uptake of digital health tools
[42,43]. A recent systematic review on barriers and facilitators
to patient portal use noted the importance of prior use of the
portal in combination with provider buy-in [44]. The Diffusion
of Innovation Theory categorizes technology adoption based
on time to adoption [45], which is influenced by the availability
of, and familiarity with, technology [46] and relates to
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technology literacy and comfort with sharing health information
[47]. Our results also showed a continued disparity in the use
of the portal by race and ethnicity, with a higher likelihood of
accessing the patient portal during Hurricane Harvey for White,
non-Hispanic/Latinx users, which indicates utility in targeting
populations classified as high risk and vulnerable for portal
enrollment and training because portal use has been linked to
increased patient engagement [48-50].
The overall message frequency decreased during the week of
the hurricane, likely because of power outages, flooding, and
infrastructure instability, but our qualitative message analysis
indicated that patient portal messages have an important role
to play in rapidly communicating the urgent health needs of
patients to providers in situations where hospital or physician
access becomes extremely limited. The analysis of such a large
number of inquiries and responses sent during a disaster situation
serves as a natural needs assessment of critical problems
surrounding patients’ health and continuity of medical care
during a disaster, including issues with care or medication access
and technical and infrastructural issues caused by the storm.
The portal uniquely allows providers the ability to address
certain problems for their patients in the absence of routine
operations during a disaster, which may potentially reduce the
risk of treatment disruption for acute conditions (eg,
postoperative care and disaster-related injuries) and management
of chronic conditions (eg, diabetes, cancer, and hypertension),
in addition to meeting or rerouting mental health needs as
appropriate.
Although patient-provider communication was supported during
the disaster through the portal, providers were unable to fully
address all concerns in the messages sent by patients. In some
cases, the medical advice sought was beyond a provider’s ability
to give through web-based messaging, necessitating a rerouting
of care or a specialist referral. Providers were sometimes unable
to comply with medication requests made during Harvey
because of technical difficulties and rules governing controlled
substances. It is also notable that not all communication during
a disaster directly relates to the crisis but highlights the necessity
of maintaining health care continuity for the many patients with
ongoing care needs. Examining the successful uses and
acknowledging the limitations of the patient portal as it is
currently positioned provide the basis for extending the portal
functionalities to create an intentionally designed,
disaster-prepared patient portal.

Disaster-Prepared Portal Functionality
Key Logistical Suggestions
Proper disaster preparedness for health care is critical in areas
where natural disasters, including hurricanes, blizzards, and
wildfires, are frequent. Using the portal more readily in these
scenarios could streamline communication but would likely
require temporarily reducing restrictions to EHR access among
health care providers within a given health care entity.
Traditional workflows and contingency plans are typically
inadequate during the rapidly evolving chaos of natural disasters.
For example, cross-coverage teams for an entire facility or
practice may not be able, or available, to communicate
effectively with staff or patients. Facilitating access to patient
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information for broader cross-coverage and triage teams than
would normally comprise an on-call or ride-out team is
necessary to increase the pool of potential providers who have
access to the EHR. Processes can be adopted to precredential
qualified providers for access across practices or facilities in
the event that this scenario occurs again. Doing so would allow
a defined disaster team of providers, similar to on-call coverage,
to respond to urgent needs through the patient portal, eliminating
some of the delays we saw in communication during Harvey
while reducing the burden of electronic communication
systemwide for all clinicians during times of limited access.
When operationalizing a disaster communication approach
through the portal to include an expanded recipient list to enable
rapid triaging of these messages in times of limited access, it
should be noted that the implementation would likely not have
a one-size-fits-all approach. On the basis of this study’s findings,
we offer key logistical suggestions below to realize an
intentionally designed, disaster-prepared patient portal.

Triaging and Rerouting Needs During Crisis Situations
Common portal requests during our study period included a
wide range of medical advice, and the patient portal could be
used to triage and appropriately redirect some of these needs to
available sources of care, specifically now with the increase in
use of telemedicine visits. A common practice for portal
communications is to assign a dedicated triage nurse to serve
as the messaging gatekeeper for patient portal communications
[51]; this same principle could be used in the intentional design
of disaster-prepared patient portals for crisis-related requests.
During a disaster, messages could be automatically triaged based
on patients’ responses to screening questions to direct or reroute
patients to appropriate and available in-person visits or
electronic consultations until normal care can resume. Using
the patient portal for pressing care requests is not an intended
use of the typical portal messaging system; however, as many
of our messages reflected, this type of urgent request is likely
to occur and increase in frequency in disaster situations.
Having an emergency-prepared portal that can triage patients
based on need specifically in times of crisis is a means of
preparing for times of disrupted health care access. For example,
the use of patient portals to address mental health concerns has
demonstrated positive impacts for patients [52,53], and
providing guidance or redirection seems especially important
for mental health–related needs during times of crisis. The
patient portal could also have triaging questions specific to
anxiety, stress, and mental health care (eg, “Would you like to
speak to someone about your current level of stress?”) and
provide information on the available mental health services. All
emergency medical incidents should be rerouted to readily
available behavioral health patient portal–certified care providers
[54-58].

Automating Medication Refills
Several messages in our study were related to prescription
medication requests, which further highlights the necessity of
care continuity during a disaster and raises the question and
feasibility of being able to automate select pharmacy requests
through the portal. An unknown duration of postdisaster
recovery leaves many patients without adequate quantities of
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medication for chronic and life-threatening conditions such as
hypertension, diabetes, seizures, and cancer. Even in the
presence of a disaster declaration policy that allowed
pharmacists to prescribe a 30-day supply of medication without
prescriber authorization [59], the volume of message content
in our study pertaining to prescription refill requests suggests
that either the requested medications fell outside the disaster
declaration allowances (eg, schedule II medications, opioids,
stimulants, and depressants) or that pharmacists, physicians, or
patients were not aware of the policy. The portal is a means by
which established patients can communicate their medication
needs to their provider, and an intentionally designed disaster
portal could enable a function to allow these patients to have
refill requests be sent or redirected automatically to a new
pharmacy or new location. Automating some of these requests
using the functionality of the portal would provide a useful tool
to patients in emergency situations where immediacy is
heightened, thereby decreasing physician-required approvals
during these disasters when providers too experience limited
availability.

Prioritized Automated Rescheduling
Infrastructure deficiencies in telecommunication due to disaster
damage may also hinder access to the standard pathways of
medical communication. Rescheduling canceled appointments
and procedures is a logistical challenge following days of closure
because of a natural disaster. The patients’ messages expressed
concern regarding the delay of their scheduled appointments
and the inability to reach providers through landline phones
because of widespread infrastructure damage in the Houston
area. The portal could be used to allow patients who had
appointment cancelations to reschedule at their convenience
once the health system has established providers’ availability
and return to work. This may be particularly useful for urgent
(nonemergent) surgical procedures so that patients can make
informed decisions on when they would be able to receive
treatment versus pursuing alternative treatment locations. The
feasibility and implementation of automating this rescheduling
feature for a prioritized listing of patients based on unavoidable
disaster delays would be a topic for an important future study
to extend current portal functionalities. Although patients would
likely benefit from a prioritized automated rescheduling patient
portal functionality for disaster use, appropriate conditions must
be in place to allow a smooth transition between normal and
disaster operations.

Implications for Portal Use in Future Disasters
The 2020 hurricane season was uniquely challenging in that the
highest number of storms on record—30 storms [60]—formed,
in addition to the beginning of the COVID-19 global pandemic
that occurred in the months before the start of the hurricane
season. These large-scale disasters occurring simultaneously
created unprecedented, long-term health care challenges. As
cities and states across the United States reached peak
COVID-19 cases and hospitalizations, health care systems relied
on public health guidance to limit in-person patient appointments
and services [61,62]. There has been a large increase in the
adoption of the patient portal in terms of general use and depth
of use [63], including substantial dependence on the use of
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telehealth platforms and portal messaging for care management
of patients [61,64]. Medical information technology allowed
health care providers a key method with which to continue
accommodating patient services safely while reserving hospital
capacity for the most critically ill. Although the time frames of
these disasters differ, inferences for health management can be
drawn from both disaster situations to inform how the patient
portal can facilitate health care during ongoing and future
disaster operations.
Notably, singular disaster events such as Hurricane Harvey
resulted in a short-term decrease in the overall frequency of
patient portal messages and portal features, whereas the
COVID-19 pandemic has necessitated a long-term demand for
tools and platforms supporting virtual care (eg, telehealth or
virtual visits and messaging through portals or other technology)
that have increased the adoption of digital health tools. Both
disasters illustrate the inherent value of information technology
tools in providing quality care conventions that are typically
attributed to direct, in-person patient-provider interactions. In
addition, electronic consultations offer the benefit of disease
containment and increased access to care, specifically for
patients living in rural areas, and can take place without
increasing time or travel demands for patients, pivotal for natural
disasters, while limiting human contact and potential virus
spread during this pandemic period.

Limitations
This study includes several limitations. First, this study was
conducted at a single health care system; therefore, the results
have limited generalizability because portal use may differ by
region. However, because the study site is located in a large,
demographically diverse urban city, these findings may be
applicable to other health systems to support the integration of
preparedness and medicine during emergency events. Second,
we noted that there were some messages where a proxy user
(eg, an adult family member messaging on behalf of a patient)
self-identified in the message; however, we were unable to
verify proxy users through portal accounts because this variable
was not a component of our data set. Third, the comorbidity
data were based on discharge disposition, which accompanies
all encounter types; however, not all patients had an encounter
in 2017. Thus, it is possible that we have underrepresented the
incidence of the disease. The comorbidity data were not included
in the final multivariate models for this reason; instead, we used
encounter data, realizing that although it is not a replacement
for controlling for disease severity, there is likely some
correlation. Fourth, we were unable to control for, or examine,
differential portal use by payer type but suggest future
researchers do so. Finally, this study’s needs assessment relied
on the analysis of retrospective data, which should be
complemented by user-centered prospective methods of deriving
functional requirements to ensure well-informed intentional
design [65].

Conclusions
The potential uses for the patient portal, classified and
categorized into themes, lend support for the broader integration
of patient portals as part of routine care coordination and
management. Identifying patients’ health needs that were
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communicated through electronic patient portal messaging
during an acute, widely destructive natural disaster that resulted
in severe erosion of infrastructure and medical care is the first
step in expanding the use of the portal for disaster health
management. Future research should use this natural needs
assessment and engage providers, informaticists, and data
architects to expand the capabilities of the patient portal in
disaster situations when normal care operations are limited and
patient needs are extreme. Future research and practice should
also consider how to use the portal for disaster planning relevant
to chronic care and pregnancy. We raised considerations for
disaster-specific elements of the portal interface based on

Baek et al
patients’ met and unmet needs. Most importantly, enabling
provider teams to respond to patient needs during disasters
would alleviate delays when provider access is inhibited because
of the circumstances of the disaster, which was demonstrated
in some of our provider messages (eg, internet access, power
outages, and flooding). Our study conveyed the need for
immediate medical advice during a disaster period when
infrastructure is severely debilitated and typical emergency care
is nonoperational or not feasible because of safety concerns.
The patient portal could serve as an intentional bridge during
times of disaster when the typical workflow structure of health
care disintegrates.
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Abstract
Background: Patient portals are becoming increasingly popular worldwide even though their impact on individual health and
health system efficiency is still unclear.
Objective: The aim of this systematic review was to summarize evidence on the impact of patient portals on health outcomes
and health care efficiency, and to examine user characteristics, attitudes, and satisfaction.
Methods: We searched the PubMed and Web of Science databases for articles published from January 1, 2013, to October 31,
2019. Eligible studies were primary studies reporting on the impact of patient portal adoption in relation to health outcomes,
health care efficiency, and patient attitudes and satisfaction. We excluded studies where portals were not accessible for patients
and pilot studies, with the exception of articles evaluating patient attitudes.
Results: Overall, 3456 records were screened, and 47 articles were included. Among them, 11 studies addressed health outcomes
reporting positive results, such as better monitoring of health status, improved patient-doctor interaction, and improved quality
of care. Fifteen studies evaluated the impact of digital patient portals on the utilization of health services with mixed results.
Patient characteristics were described in 32 studies, and it was reported that the utilization rate usually increases with age and
female gender. Finally, 30 studies described attitudes and defined the main barriers (concerns about privacy and data security,
and lack of time) and facilitators (access to clinical data and laboratory results) to the use of a portal.
Conclusions: Evidence regarding health outcomes is generally favorable, and patient portals have the potential to enhance the
doctor-patient relationship, improve health status awareness, and increase adherence to therapy. It is still unclear whether the use
of patient portals improves health service utilization and efficiency.
(J Med Internet Res 2021;23(9):e26189) doi:10.2196/26189
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digital health; patient portal; health outcomes; patient satisfaction; patient attitudes; health service research; health care efficiency
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Introduction

duplicates, the selection was made by reading titles and
abstracts, and then the full texts.

In recent years, electronic tools that allow patients to interact
with health care professionals have considerably increased with
consequences on the awareness of citizens about their own
health [1]. The adoption of these technologies might represent
an important measure to improve the quality and efficiency of
health care services and is a key feature for the construction of
a more equitable, effective, and safe health care system [2].
Indeed, the rapid growth and diffusion of digital health,
including health information sources, such as electronic medical
records (EMRs), has made online access to information by
patients and health care professionals a crucial component of
health care delivery [3].

Inclusion/Exclusion Criteria

In this context, patient portals are thought to allow patients
secure access to health-related information and to communicate
and share information with providers [4]. Besides guaranteeing
protected access to EMRs, more advanced patient portals allow
secure message exchange between health professionals and
citizens, consultation of educational material adapted to patients’
own characteristics, appointment scheduling, automatic renewal
of medical prescriptions for chronic diseases, and facilitation
of payments. Despite their potential benefits, several studies
have proved underuse or inappropriate use of patient portals
and their limited impact [5]. Furthermore, the majority of studies
available on this topic have focused on users’ characteristics
and satisfaction, and few studies have considered the
consequences on health outcomes [6-8]. Patient portals are
relatively new technologies with continuous updates. Several
types are released every year, and this may explain the lack of
research in this area [5].
A systematic literature review in 2013, which addressed the
effect of patient portals on patient clinical care, reported that
evidence was limited to evaluate whether patient portals had a
positive, negative, or neutral impact on users’ health [4]. Some
of the most effective examples refer to patients with chronic
diseases, such as diabetes, hypertension, and depression,
specifically when the portal is included in a shared health care
pathway [9-13]. The effect of patient portals on health care
utilization and efficiency, instead, is unclear due to the scarcity
of studies examining the impact of patient portals on key
indicators, such as inpatient hospitalizations, emergency
department (ED) and outpatient visits, length of stay, and
telephone contacts [14]. The aim of this systematic review was
to update the study performed in 2013, by summarizing evidence
on the impact of digital patient portals on patients’ health
outcomes, health care efficiency, and patients’ attitudes and
satisfaction.

Methods
Search Strategy
A search of relevant articles was performed in the PubMed and
Web of Science databases using the query reported in
Multimedia Appendix 1. The resulting records were entered in
a dedicated work sheet to be subsequently screened according
to the inclusion/exclusion criteria. Following the removal of
https://www.jmir.org/2021/9/e26189
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Eligible studies were primary studies reporting on the impact
of patient portal adoption in relation with health outcomes,
health care efficiency, and patients’ attitudes and satisfaction.
Articles included were published from January 1, 2013, to
October 31, 2019, and written in English, Italian, Spanish, or
French. We excluded studies describing portals that were not
accessible for patients, as well as pilot studies, with the
exception of studies evaluating patients’ attitudes.

Selection Process and Data Extraction
Two authors screened the articles, and each reference retrieved
was screened by two researchers independently, with any
disagreement finally discussed and resolved by a third
researcher, if necessary. The following information was
extracted from the studies: first author name, publication year,
study country, study design, study population, study setting,
study duration and time, health information technology, study
objective, main findings according to health outcomes, health
care efficiency/utilization, patient characteristics, and patient
attitudes and satisfaction. The systematic literature review was
conducted according to the PRISMA (Preferred Reporting Items
for Systematic Reviews and Meta-Analyses) 2009 checklist
[15].

Results
Characteristics of the Included Studies
The database search, after duplicate removal, identified a total
of 3456 records. According to the inclusion/exclusion criteria,
the screening resulted in the inclusion of 47 full-text articles
(Figure 1).
The study designs were grouped into six categories according
to the characteristics of the articles. Overall, 17 were descriptive
quantitative studies [8,16-31], two were descriptive
mixed-methods studies [32,33], 14 were observational
hypothesis testing studies [20,34-46], seven were descriptive
qualitative studies [47-53], five were interventional studies,
other than randomized controlled trials (RCTs) [54-58], and
three were RCTs [59-61].
With regard to country, 33 (70%) studies were based in the
United States [17,18,20,21,31,32,34,43-46,49,60], three in
Canada [35,36,50], three in the Netherlands [19,26,57], two in
Finland [55,56], two in the United Kingdom [16,48], one in
Australia [22], one in France [59], one in Israel [47], and one
in Sweden [24].
Various patient portals have been described in the studies.
Multimedia Appendix 2 provides details on the functionalities
of the portals, and Multimedia Appendix 3 provides qualitative
descriptions of the portals.
Most of the portals were not addressed to a defined population
subgroup, and only some of them were specific to a clinical
specialty/condition,
such
as
endocrinology-diabetes
[8,21,26,34,36,41], primary care [33,37,38,40,60], mental health
J Med Internet Res 2021 | vol. 23 | iss. 9 | e26189 | p.867
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
[31,35,54], multiple chronic conditions [40,55,56], pulmonology
and asthma [32,44,60], rheumatology [50,57,59], cardiology
[37,44], internal medicine [40,61], nephrology [30,46],
pregnancy [34], cancer [53], and gastroenterology [48].
The population included in the studies was heterogeneous in
terms of sample size (from 24 [52] to 2,171,325 patients [31])
and groups of included patients (eg, pediatric [32], older [31],
oncology [52], and diabetic patients [60]).

Carini et al
The results were summarized in four categories, albeit the same
study could belong to more than one category. In particular, 11
studies analyzed health outcomes and adherence, intended as a
change in individual or population health, attributable to
health-related interventions. Adherence is the degree to which
a patient follows medical advice, especially drug compliance.
Overall, 15 studies focused on health care efficiency/utilization
(utilization of health care services), 32 studies referred to patient
characteristics, and 30 studies analyzed attitudes and satisfaction.

Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flow diagram.

Health Outcomes and Adherence
Eleven articles presented results on patient outcomes (Table 1),
such as prevention, diabetes, blood pressure control, asthma,
mental health, and medication adherence.
In particular, a significant association was found between
patients’ preventive health behaviors and portal use [45].
Considering diabetes [34,36] and blood pressure control [37],
portal users were significantly more likely to control their HbA1c
levels successfully compared to nonusers.
An improved clinical condition over time was observed in the
management of asthma in children, where the group using the
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patient portal reported better flare control compared to the
control group [60].
Concerning mental health, patients using the portal had a
positive impact related to the clinical condition in many domains
[35], such as the reduction of drinking days [54]. However,
concerning the health status, no marked short-term impact was
described, and differences in patient-reported physical and
mental health changes were minor [55].
Finally, higher medication adherence was described in portal
users compared with nonusers, especially among pediatric
patients with asthma and patients with rheumatic disorders
[32,57].
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Table 1. Summary of the findings on health outcomes and adherence.
First author,
year

Country

Health information Study design
technology

Sample size

Ancker,
2019 [34]

United
States

Blood glucose flow Observational,
53 patients
sheet (EpicCare
hypothesis testing
and Weill Cornell
Connect portal)

Main findings
Pregnant: average BMI dropped while average blood
pressure increased significantly more in the 9 months
among uploaders than nonuploaders.
Chronic disease patients: after 9 months, uploaders had
significantly larger reductions in HbA1c and BMI than
nonuploaders. One subset of uploaders had low well-controlled HbA1c values before and during PGHDa upload.
Another uploader subset began to upload when their HbA1c
levels were elevated and experienced a decrease in HbA1c
levels followed by a plateau.

Fiks, 2015
[60]

United
States

MyAsthma (clinical interface in
MyChart)

RCTb

60 families of
children

No significant differences in baseline control, quality of
life, or parent activation between the two study arms (P>.2
for all comparisons). Frequency of asthma flares improved
in the intervention group over time by 2.0 points on a 25point scale (P=.02). Families in the intervention group had
a marginally significant improvement in symptoms during
periods without flares. A nonstatistically significant improvement in quality of life in terms of daytime symptoms
and functional limitations was observed in the intervention
group. There were no significant changes in parent activation.

Fiks, 2016
[32]

United
States

MyAsthma

Descriptive,
mixed methods

237 families

Portal users with uncontrolled asthma had significantly
more medication changes after using the portal relative to
the year earlier (increase of 14%).

Huang, 2019 United
[45]
States

MyPennMedicine Observational,
10,000 patients
(branded version of hypothesis testing
Epic MyChart)

Patients’ preventive health behaviors were significantly
associated with portal use. The proportions of annual flu
vaccination, blood pressure checks, and lipid level screening were substantially higher in portal users compared with
nonusers (ORc=1.58, 1.13, and 1.50, respectively; P<.001).
The average composite prevention score was significantly
higher among portal users compared with nonusers (mean
difference=0.22; P<.001). The proportion of colorectal
cancer screening between users and nonusers was statistically significant (P<.001, OR very close to 1). No clinically
meaningful difference between patient portal users and
nonusers in chronic health outcomes.

Jhamb, 2015 United
[46]
States

Free patient portal
tethered to an am-

Observational,
1098 patients
hypothesis testing

d

In the fully adjusted model (controlling for hyperlipidemia,
nephrolithiasis, history of kidney transplant, CCIe, proteinuria, eGFRf, number of nephrology and outpatient visits,

bulatory EHR

and university affiliated PCPg), the association was not
significant (OR 1.11, 95% CI 0.99-1.24).
Kipping,
2016 [35]

Canada

Ontario Shores
HealthCheck Patient Portal

Observational,
91 patients
hypothesis testing

The overall Mental Health Recovery Measure score increased from 70.4 (SD 23.6) at baseline to 81.7 (SD 25.1)
at follow-up (P=.01). Of the eight domains, seven increased
from baseline to follow-up (overcoming stuckness, selfempowerment, basic functioning, overall well-being, new
potentials, spirituality, and advocacy/enrichment; all P<.05.
No change for learning and self-redefinition).

Lau, 2014
[36]

Canada

BCDiabetes.ca

Observational,
1957 patients
hypothesis testing

Overall, 28 of 50 users had a follow-up HbA1c ≤7%,
whereas 22 of 50 did not (56% success rate).
Only 16 of 50 nonusers achieved a follow-up HbA1c ≤7%,
while 34 of 50 did not (32% success rate).
Users were significantly more likely to control their HbA1c
levels successfully than nonusers (McNemar test, P=.03).
The HbA1c level at the last follow-up was significantly
lower for users compared to nonusers (P=.02).
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First author,
year

Country

Health information Study design
technology

Sample size

Main findings

Manard,
2016 [37]

United
States

Online patient por- Observational,
1571 patients
tal
hypothesis testing

After adjusting for age, users were more likely to achieve

Quanbeck,
2018 [54]

United
States

Seva

BPh control (HRi 1.24, 95% CI 1.06-1.45). After adjustment
for sociodemographics, portal use was no longer associated
with BP control (HR 0.98, 95% CI 0.83-1.16).

Interventional,
other than RCT

268 patients

Significant reductions in the numbers of risky drinking
days, which declined by 44% ([0.7-1.25]/1.25) from baseline to 6 months, and illicit drug-use days, which declined
by 34% ([2.14-3.22]/3.22). Two of the three abstinence
outcomes showed significant improvements (any illicit
drug use and/or any drink or drug). Significant effects were
found for two of the three quality of life scores (overall
quality of life and mental health).

Riippa, 2015 Finland
[55]

Patient portal by
Interventional,
The Finnish Medi- other than RCT
cal Society,
Duodecim

876 patients

Minor differences in patient-reported physical and mental
health changes that changed the sign from the matched
(physical health mean=1.2, 95% CI −3.3 to 5.7; mental
health mean=0.8, 95% CI −3.6 to 5.2) to the unmatched
sample (physical health mean=−0.4, 95% CI −4.7 to 3.9;
mental health mean=−0.4, 95% CI −4.8 to 4.0). Patient
activation improved more in the intervention group, but it
was not statistically significant. There was no marked shortterm impact on health status based on the SF-36v2 measure.

Van der
Vaart, 2014
[57]

Medisch Spectrum Interventional,
Twente
other than RCT

360 patients

Overall, 56% of the respondents had a score of 7 (out of
8) on medication adherence.

Netherlands

PGHD: patient-generated health data.

b

RCT: randomized controlled trial.

c

OR: odds ratio.

d

EHR: electronic health record.

e

CCI: Charlson Comorbidity Index.

f

eGFR: estimated glomerular filtration rate.

g

PCP: primary care practice.

h

BP: blood pressure.

i

HR: hazard ratio.

Efficiency/Utilization
Fifteen articles described the relationship between portal use
and health care service efficiency and utilization (Table 2). The
use of a digital portal had an effect on the utilization of health
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care services in terms of the number of clinical visits, especially
for asthmatic patients [32,60], while no statistically significant
changes in the number of primary care visits was reported in
association with the use of secure messaging [38].
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Table 2. Summary of the findings on health care efficiency.
First author,
year

Country

Health information Study design
technology

Sample size

Ancker,
2019 [34]

United
States

Blood glucose flow Observational,
53 patients
sheet (EpicCare
hypothesis testing
and Weill Cornell
Connect portal)

Uploaders had more clinical visits and portal logins before
initial data upload.

Bidmead,
2016 [48]

England
(United
Kingdom)

Patients Know
Best (PKB)

Descriptive, qual- 56 patients
itative

The portal enabled clinicians to manage stable patients,
facilitating clinical and cost-effective use of specialist
nurses, and improved two-way communication and more
optimal use of outpatient appointments and consultant time.
It also facilitated a single rationalized pathway for stable
patients, enabling access to information and proactive
support.

Fiks, 2015
[60]

United
States

MyAsthma (clinical interface in
MyChart)

RCTa

The intervention group had a marginally significant reduction in the proportion of parents missing at least 1 day of
work (reduction of 47%, P=.07). Families in the interven-

60 families of
children

Main findings

tion group reported fewer EDb visits and hospitalizations
for asthma over 6 months than the control group (3 vs 9
and 0 vs 2, respectively). Only two intervention families
reported at least one ED visit (vs six control families), and
no intervention families reported hospitalizations. Children
in the intervention group had fewer visits with asthma
specialists or primary care. Results were similar on stratifying by asthma severity.
Fiks, 2016
[32]

United
States

MyAsthma

Descriptive,
mixed methods

Foster, 2019
[43]

United
States

Epic MyChart

Observational,
208,635 tests
hypothesis testing

ED visits: 80.56% (n=20,430) of patients had a single ED
visit with laboratory testing, 16.04% (n=4069) had two or
three ED visits, 3.16% (n=802) had four to 10 ED visits,
and only 0.24% (n=60) had more than 10 ED visits. Activation rates were lower for those with only a single ED
visit (7312/20,430, 35.79%) compared with either those
with two to three ED visits (1770/4069, 43.50%; P<.001)
or four or more ED visits (368/862, 42.7%; P<.001).

Griffin, 2016 United
[44]
States

My UNC Chart

Observational,
2975 patients
hypothesis testing

The odds of being readmitted within 30 days for active
users was 66% higher than that for nonusers, holding all
other variables constant in the model. There was no significant difference in 30-day readmission between nonusers
and light users.

Jahn, 2018
[49]

United
States

My HealtheVet

Descriptive, qual- 29 participants
itative

Secure messaging tasks were inefficient as related to clinical document sharing (it took almost 5 minutes for
providers to only attach and send a clinical document).

Kipping,
2016 [35]

Canada

Ontario Shores
HealthCheck Patient Portal

Observational,
91 patients
hypothesis testing

Fewer missed appointments and a reduced number of requests for information in the year following portal implementation. The odds of a portal user attending an appointment were 67% (CI 56%-79%) greater than for nonusers
over the follow-up period. Compared with 2014, in 2015,
there was an 86% and 57% decrease in requests for information among users and nonusers, respectively (61%
overall).

North, 2014
[38]

United
States

Mayo Clinic
Health System

Observational,
2357 primary
hypothesis testing care patients

Primary care patients who sent at least one secure message
or e-visit had a mean of 2.43 (SD 2.3) annual face-to-face
visits before the first message and 2.47 (SD 2.8) after, with
a nonsignificant difference (P=.45). After adjustment for
a first message surge in visits, no significant visit frequency
differences were observed (mean, 2.35 annual visits per
patient both before and after the first message; P=.93).
Subgroup analysis showed no significant change in visit
frequency for patients with higher message utilization or
for those who had used the messaging feature longer.
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237 families

Portal users with uncontrolled asthma had significantly
more primary care asthma visits after using the portal than
the year earlier (increases of 16%).

J Med Internet Res 2021 | vol. 23 | iss. 9 | e26189 | p.871
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
First author,
year

Country

Health information Study design
technology

Plate, 2019
[39]

United
States

MyChart; Epic
Systems Corporation

Carini et al
Sample size

Observational,
6426 patients
hypothesis testing

Main findings
Active MyChart status was not associated with 90-day ED
return (P=.78) or readmission (P=.51) based on univariable
analysis. Similarly, during multivariable analysis controlling for age, gender, BMI, and ASAc category, active MyChart utilization was not significantly associated with 90day ED visits (ORd 1.019, 95% CI 0.843-1.231; P=.85) or
readmissions (OR 0.966, 95% CI 0.747-1.249; P=.79).
Patients who sent secure messages within 90 days from
surgery (2200 patients, 48% of active users) were not less
likely to present to the ED (P=.63) or be readmitted (P=.59)
within 90 days. For patients who sent two or more messages
(1354 patients), provider or staff response rate <75% was
significantly associated with 90-day readmission (P=.004)
with greater 90-day ED visits that neared statistical significance (P=.07).

Quanbeck,
2018 [54]

United
States

Interventional,
other than RCT

268 patients

Riippa, 2015 Finland
[55]

Patient portal by
Interventional,
The Finnish Medi- other than RCT
cal Society,
Duodecim

876 patients

The effect on the cost of care was ambiguous; costs decreased by an average of €91 in the unadjusted model, but
increased by €48 in the adjusted model. Due to the controversial result, the unadjusted analysis showed an 89%
probability of cost-effectiveness with no willingness to pay
for increased patient activation, whereas in the adjusted
sample, the probability of the portal being more cost-effective than care as usual exceeded 50% at a willingness to
pay €700 per clinically significant increase in the patient
activation score. For doctor visits, portal access (n=80):
3.8 (SD 3.3) and control (n=57): 3.0 (SD 3.1) (t=1.4;
P=.18). For nurse visits, portal access (n=80): 3.5 (SD 2.6)
and control (n=57): 4.1 (SD 2.5) (t=−1.3; P=.18).

Tsai, 2019
[28]

United
States

Epic’s personal
health record system

Descriptive,
quantitative

109,200 patients

Active users had more outpatient and inpatient visits and
fewer ER visits. Patients without a portal account had on
average fewer outpatient visits per month (0.31 vs 0.89,
P<.001) and fewer inpatient visits per month (0.007 vs
0.059, P<.001), but had more ER visits per month than
patients who were active with the portal (0.047 vs 0.014,
P<.001). The difference between no-show appointments
was not significant.

Wallace,
2016 [58]

United
States

MyChart by Epic
health record system

Interventional,
other than RCT

36,549 patients

The number of visits for 12 months was strongly associated
with an increased likelihood of MyChart activation and
with more frequent MyChart logins.
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Seva

Significant reduction in hospitalizations and a trend toward
fewer ERe visits. Increase in HIV screening rates. Change
in the rates of HIV risk behaviors (eg, condom use) and
receiving other addiction treatments appeared to be nonsignificant.
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Zhong, 2018 United
[42]
States

a

Health information Study design
technology

Carini et al
Sample size

MyUFHealth (also Observational,
15,659 nonusers
known as MyChart hypothesis testing and 5494 users
by Epic)

Main findings
At the time of adoption, the quarterly PCPf office visit RRg
of users to nonusers was 1.33 (95% CI 1.27-1.39; P<.001).
The RRs were between 0.94 and 0.99 up to four quarters
after portal adoption (P=.75, .10, .13, and .09, respectively),
and it was significantly less than 1 at the seventh (RR 0.82,
95% CI 0.73-0.91; P<.001) and eighth (RR 0.80, 95% CI
0.70-0.90; P<.001) quarters post adoption. The no-show
rate proxies in the user group were significantly lower than
in the nonuser group. RRs were between 0.60 and 0.83 for
eight out of 11 quarters, and for the remaining three quarters, differences were not significant (P=.65, .29, and .44,
respectively). Differences in cancellation rate proxies were
not significant (P>.05). Overall, appointment adherence
improved after portal adoption.

RCT: randomized controlled trial.

b

ED: emergency department.

c

ASA: American Society of Anesthesiology.

d

OR: odds ratio.

e

ER: emergency room.

f

PCP: primary care physician.

g

RR: rate ratio.

Concerning emergency room (ER) visits, a decreasing trend
was described [54,60], and active portal users showed more
outpatient and inpatient visits and fewer ER visits per month,
compared with patients without an account [28]. The number
of visits over 6 months for asthmatic patients was lower among
users than among nonusers (3 vs 9) [60]. User status was not
significantly associated with ED access in the study by Plate et
al, and the use of secure messages showed a nonsignificant
result [39].
A reduction in hospitalizations was described for asthma [60]
and mental health conditions [54]. Different findings were
observed in patients with acute myocardial infarction, congestive
heart failure, or pneumonia. In these cases, the odds of 30-day
readmission for active users was 66% higher than that for
nonusers, while no significant difference was described between
nonusers and light users [44]. Considering patients who
underwent total hip or knee arthroplasty, there was a significant
association between 90-day readmission and sending two or
more secure messages [39].
Concerning clinicians’ attitudes, the portal seemed to enable a
new way of managing stable patients, facilitating clinical and
cost-effective use of specialist nurses (improved two-way
communication, and more optimal use of outpatient
appointments and consultant time). The portal also facilitated
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a single rationalized pathway for stable patients, enabling access
to information and proactive support [48].
Portal use by patients reduced missing appointments [35] and
showed an improvement in appointment adherence after portal
adoption [42]. However, no significant association between
user/nonuser status and no-show appointments was found by
one study [28]. The difference in cancellation rate proxies was
also not significant between the user and nonuser groups [42].
Finally, concerning other aspects, only one study took into
consideration the associated costs with ambiguous results. In
this study, costs decreased in the unadjusted model but increased
after adjusting for relevant variables [55]. An increase in HIV
screening rates was described, but changes in the rates of HIV
risk behaviors (eg, condom use) and modification of addiction
treatments appeared nonsignificant in mental health patients
[54]. Portal use had a positive effect on days of work lost due
to asthma patients’ issues [60]. Moreover, information services
were positively affected by portal use, as it led to a reduced
number of requests [35].

Patient Characteristics
Concerning patients’ characteristics, 32 articles presented
relevant results that were mainly related to demographic
information, such as age, gender, education, and household
status (Table 3).
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Table 3. Summary of the findings on patient characteristics.
First author,
year

Country

Health information
technology

Study design

Sample size

Abel, 2018
[31]

United
States

My HealtheVet
Descriptive, quantita- 2,171,325 pa(MHV) and Clinical tive
tients
Video Telehealth
(CVT)

Main findings
African American and Latino patients were significantly less likely to engage in use compared with White
patients. Low-income patients with free care were
significantly less likely to be users. Patients with
schizophrenia or schizoaffective disorder were significantly less likely to be users than those with other
mental health diagnoses (ORa 0.50, CI 0.47-0.53 and
OR 0.75, CI 0.69-0.80, respectively). Although rural
patients had 17% lower odds of My HealtheVet adoption compared with urban patients (OR 0.83, 95% CI
0.80-0.87), they were more likely to engage in Clinical
Video Telehealth and dual use (OR 2.45, 95% CI 1.953.09 for Clinical Video Telehealth and OR 2.11, 95%
CI 1.81-2.47 for dual use).

Ancker,
2019 [34]

United
States

Blood glucose flow Observational, hysheet (EpicCare and pothesis testing
Weill Cornell Connect portal)

53 patients

Pregnant patients: Uploaders were similar to the comparison group in terms of race, ethnicity, age, and socioeconomic status. Uploaders had more clinical encounters and portal logins before initial data upload,
earlier establishment of patient portal accounts, and
worse baseline blood pressure.
30 chronic disease patients: Uploaders were more
likely to be Asian-American and younger, but the
groups did not have other significant demographic
differences.

Chan, 2018
[18]

United
States

MyChart (EpicCare, Descriptive, quantita- 17,699 patients
Verona, WI)
tive

Positive associations between portal use and being
aged 50-74 years, White, privately insured, Englishspeaking, and living outside San Francisco.

Fiks, 2015
[60]

United
States

MyAsthma (Clinical RCTb
interface in MyChart)

60 families of
children

Parents of children with moderate or severe asthma
used the portal more frequently (75% were frequent
users vs 47% were parents whose child had mild persistent asthma).

Fiks, 2016
[32]

United
States

MyAsthma

237 families

Users were more likely to have children aged 6-9 years
(P=.009), be White (P<.001), be privately insured
(P<.001), have mild persistent or moderate or severe
persistent asthma (P=.002), be on an asthma controller
medication (P<.001), and be receiving a greater number of asthma medications at baseline on average than
nonusers (P<.001). Those with persistent asthma were
twice as likely to use the portal versus those with intermittent asthma (2.37% vs 1.25% at hospital practices
where these data were available; P<.001). Sustained
portal users were more likely than one-time users to
be Hispanic (P=.02), have private insurance (P=.02),
and be from the Northeast (P=.001). Sustained use
parents had higher educational levels (P=.002).

Descriptive, mixed
methods

Positively associated with portal adoption in multivariable logistic regression: receipt of a controller medication at baseline (OR 2.0, 95% CI 1.5-2.7), private insurance (OR 2.0, 95% CI 1.3-3.1), lower child age
(OR 1.4, 95% CI 1.1-1.9), and greater asthma severity
(OR 1.9, 95% CI 1.2-3.0 for mild and OR 1.9, 95%
CI 1.0-3.5 for moderate or severe persistent vs intermittent).
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First author,
year

Country

Health information
technology

Study design

Sample size

Main findings

Foster, 2019
[43]

United
States

Epic MyChart

Observational, hypothesis testing

208,635 tests

Females (5546/13,149, 42.18%) were significantly
more likely to activate the portal than males
(3897/12,212, 31.91%; P<.001). Activation rates were
highest for Asian (262/451, 58.1%) and White individuals (8155/20,637, 39.52%) and lower for African
American/Black (491/2254, 21.78%; P<.001 compared
with White), Hispanic/Latino (333/1257, 26.49%;
P<.001 compared with White), and other individuals
(241/762, 31.6%; P<.001 compared with White). The
activation rate for patients aged 18-70 years was
41.61% (7593/18,246). The overall pattern of radiologic image viewing with respect to age and gender
showed similar trends to those described for laboratory
testing.

Gordon,
2016 [20]

United
States

Kaiser Permanente
Northern California
patient portal

Observational, hypothesis testing/descriptive, quantitative

231,082 patients/4980 patients

Older seniors (aged 70-74 and 75-79 years) were significantly less likely than those aged 65-69 years to
have registered, and to have used the patient portal to
send a secure message, view laboratory test results
online, or order prescription refills at least once by the
end of the year. Slightly over 70% had been diagnosed
with a chronic cardiovascular condition, and 90% reported taking at least one prescription medication for
a chronic condition.

Gossec,
2017 [59]

France

Sanoia

RCT

320 patients

In multivariate analyses, the only factor related to
connecting more than twice to the platform was being
a member of a patient association (OR 1.44, 95% CI
1.17-1.77; P<.001). In the groups with high and low
numbers of connections, the percentages of patient
association members were 24.7% and 6.5%, respectively.

Griffin, 2016 United
[44]
States

My UNC Chart

Observational, hypothesis testing

2975 patients

Active users had a higher proportion of Caucasian patients, higher Charlson Comorbidity scores, and a
higher proportion of patients admitted to an academic
medical center than light users.

Huang, 2019 United
[45]
States

myPennMedicine
(branded version of
Epic MyChart)

Observational, hypothesis testing

10,000 patients

Users were more likely to be younger (63.46 years
[users] vs 66.08 years [nonusers]; P<.001) and have
higher income (US $74,172 [users] vs US $62,940
[nonusers]; P<.001) than nonusers. The percentage of
White race was substantially higher among users
(72.77% [4317/5932] [users] vs 52.58% [2139/4068]
[nonusers]; P<.001). For users, the percentage of
payments by commercial insurance was higher
(60.99% [3618/5932] [users] vs 40.12% [1632/4068]
[nonusers]; P<.001) and the percentage of payments
by Medicare or Medicaid was lower (Medicare:
34.91% [2071/5932] [users] vs 48.72% [1982/4068]
[nonusers]; P<.001; and Medicaid: 3.49% [207/5932]
[users] vs 10.08% [410/4068] [nonusers]; P<.001).
The difference in sex between users and nonusers was
not statistically significant. No significant difference
was found in any provider-level characteristic between
the two groups.

Jhamb, 2015 United
[46]
States

Free patient portal
Observational, hytethered to an ambu- pothesis testing

1098 patients

Users were younger and more likely to be non-Black,
be married, have private insurance, and have higher
neighborhood median household income. Users were
less likely to have diabetes, coronary artery disease,
or congestive heart failure, but were more likely to
have had a kidney transplant. Older age, Black race,
unmarried status, Medicaid or Medicare insurance (vs
private), and lower neighborhood median household
income were associated with not using the portal.

latory EHRc
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Kipping,
2016 [35]

Canada

Krist, 2014
[33]

Study design

Carini et al
Sample size

Main findings

Ontario Shores
Observational, hyHealthCheck Patient pothesis testing
Portal

91 patients

A similar proportion of patients (1756/3158, 55.6%)
and portal users (266/432, 61.6%) were female. Age
distribution was relatively similar. The majority of
users were between 25 and 34 years.

United
States

AllscriptsTouchworks EHR

112,893 patients

Older patients were more likely to create a PHRd account as they had chronic conditions.

Laranjo,
2017 [22]

Australia

Portuguese National Descriptive, quantita- 109,619 participatient portal
tive
pants

Geographic analysis revealed higher proportions of
PHR adoption in urban centers when compared with
rural noncoastal districts.

Lau, 2014
[36]

Canada

BCDiabetes.ca

Users tended to be younger (mean difference of 4.28
years; P=.06), have lower baseline HbA1c (mean difference of 0.89%; P<.01), and have higher baseline
weight (mean difference of 7.53 kg; P=.06) than
nonusers. There was no difference in gender or total
follow-up time. Follow-up HbA1c levels tended to be
lower in users than nonusers (mean difference of
0.75%; P<.01), and users were significantly more
likely to have HbA1c of 7% at their last follow-up

Descriptive, mixed
methods

Observational, hypothesis testing

1957 patients

visit (P=.01). No significant differences in LDLe and
SBPf were observed between users and nonusers at
initial visits and follow-up visits.
Manard,
2016 [37]

United
States

Online patient portal Observational, hypothesis testing

1571 patients

Users were significantly younger (P<.001), more often
White (P<.001), and more often married (P<.001) than
nonusers. Users were significantly from upper-middle
to the highest socioeconomic status compared with
nonusers (P<.001). Portal use was more common
among FMg patients than GIMh patients (P<.001), and
users were more often high health care utilizers
(P<.02). Portal use was less common among current
smokers (P<.001). Users were more likely to have
depression (P<.01) and lower comorbidity scores
(P<.001).

Mishra,
2019 [23]

United
States

OpenNotes within
the HealtheLife patient portal

Descriptive, quantita- 1487 patients
tive

Overall, 90% (n=784) were above 30 years, with 8%
between 18 and 29 years; 40% were above 60 years;
and 50% were between 30 and 59 years. One participant stated accessing the portal for a minor and another
as a family surrogate. Moreover, 92% (n=797) had a
college degree or greater, 24% (n=205) had a graduate
degree, and 1% (n=12) had less than 12th grade education. Individuals in the 18-29 and >60 years groups
were more likely to find the notes helpful. Greater note
comprehension was correlated with greater education.
Noncollege participants were more likely to access
notes “many times” than college participants (P=.02).

North, 2014
[38]

United
States

Mayo Clinic Health
System

Observational, hypothesis testing

2357 primary
care patients

The majority of patients sending messages were female, were White, lived locally, and were employed
by the Mayo Clinic.

Plate, 2019
[39]

United
States

MyChart; Epic Systems Corporation

Observational, hypothesis testing

6426 patients

Overall, 4623 people registered on MyChart logged
into the patient portal at least once within 1 year from
surgery, and 1803 (28%) patients were not registered
users. Active users were significantly more likely to
be young, have a healthy ASAi score (ASA 1 or 2),
be Caucasian, be married, be employed, be privately
insured, and be discharged to home. Patients not using
MyChart had a higher ASA score (ASA 3 or 4) and
were more likely to be African American, unmarried,
and unemployed. Patients without MyChart were more
likely to have Medicare or Medicaid insurance and be
discharged to a skilled nursing facility.
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Portz, 2019
[52]

United
States

Sample size

Main findings

My Health Manager Qualitative descrip(Kaiser Permanente tive study
Colorado patient
portal)

24 patients

The mean age was 78 years. Patients were primarily
White (12, 80%) and women (12, 80%). Education:
high school graduate, 1 (7%); some college graduate,
7 (47%); and college graduate, 7 (47%). Income: <US
$30,000, 2 (13%); US $30,000-49,999, 7 (47%); US
$50,000-74,999, 2 (13%); >US $75,000, 2 (13%);
chose not to answer, 2 (13%).

Powell, 2018 United
[40]
States

FollowMyHealth
portal

500 patients

No significant relationship between the number of logins and any of the demographic variables; however,
when those with zero logins were removed from the
model, age, distance separating the patient from his or
her provider, and having a diagnosis of heart failure
were all significant predictors of portal use (P<.05).

Price-Haywood, 2017
[25]

MyOchsner patient Descriptive, quantita- 247 patients
portals (Epic Systive
tem), wearable technology, smartphone
mobile apps

Portal users had higher levels of education, lower rates
of inadequate health literacy, and higher rates of using
the internet and having an interest in websites or
smartphone apps for tracking health. The odds of portal
use increased with total eHEALS scores (health literacy scale) and decreased among Black patients.

Riippa, 2014 Finland
[56]

No specific portal

Interventional, other 876 patients
than RCT

Patients with a severe diagnosis during the intervention
showed the greatest positive change in patient activation (mean change 5.4, SD 8.4). Patients diagnosed 12 years ago (mean change 2.3, SD 15.7) and patients
with no severe diagnoses (mean change 1.6, SD 13.1)
showed a positive change in patient activation.

Ronda, 2014 Netherlands
[26]

Digitaal Logboek

Descriptive, quantita- 1390 patients
tive

Multivariable analysis showed that increasing age and
smoking were associated with not using the portal. A
higher educational level, treatment by an internist, using insulin, polypharmacy, better diabetes knowledge,
and more hyperglycemic episodes were less likely to
be associated with not using the portal.

Smith, 2015
[27]

United
States

EpicCare

Descriptive, quantita- 534 patients
tive

Significant predictors of registering were as follows:
gender (male 65.3% vs female 55.1%), race (White
71.7% vs African American 27.7% vs “other” races
41.7%), education (more educated people were more
likely to register), number of chronic conditions
(70.9% with zero conditions, 63.2% with one condition, and 50.0% with two or more conditions), health
literacy (adequate 72.7% vs marginal 46.4% vs limited
health literacy 21.7%).

Sun, 2019
[41]

United
States

Epic’s personal
Observational, hyhealth record system pothesis testing

Tsai, 2019
[28]

United
States

Epic’s personal
Descriptive, quantita- 109,200 patients
health record system tive

United
States
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Study design

Carini et al

Observational, hypothesis testing

38,399 patients

Almost one-third of patients (n=12,615; 32.9%, 95%
CI 32.38%-33.32%) had used the portal for a mean of
2.5 (SD 1.9) years prior to the study period. Portal use
was higher on weekdays (P<.001). An increase in
portal use was observed in response to email reminders. A nonlinear relationship between age and
portal use was observed and depended on several other
predictors (P<.05). Patients living in more rural areas
with low income were at lower odds to use the portal
(P=.02), and this finding also applied to non‐Whites
with low income (P<.001). More chronic conditions
and a higher initial HbA1c value were associated with
portal use (P=.01).
Active portal users were on average older (49.45 vs
46.22 years) and frequently female (62.59% vs
54.91%). Both the differences in mean age (P=.008)
and gender (P=.04) were significant. There was a bimodal peak in terms of active users, with active users
more likely to be in their 30s and 60s. The difference
among age groups was significant (P<.001). Differences in racial composition, insurance, and language
were not significant.
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First author,
year

Country

Health information
technology

Study design

Sample size

Main findings

Van der
Vaart, 2014
[57]

Netherlands

Medisch Spectrum
Twente

Interventional, other 360 patients
than RCT

Wade-Vuturo, 2013
[8]

United
States

MyHealthAtVander- Descriptive, quantita- 54 patients
bilt patient portal
tive

Participant age, gender, race, income, and education

Wallace,
2016 [58]

United
States

MyChart by Epic
Interventional, other 36,549 patients
health record system than RCT

Men, non-White patients, and Hispanic patients were
significantly less likely to login once, 2 to 23 times,
or 24 times than women, White patients, or non-Hispanic patients. Patients with public insurance were less
likely to login than those with private insurance across
all MyChart usage categories. Patients with income

Univariate analyses showed that age, marital status,
education level, employment, health literacy, and internet-related characteristics were significantly related
to portal use. Nonusers were more often older, single,
lower educated, and unemployed. Respondents with
higher health literacy were more inclined to login on
the portal, and respondents who used the internet more
often had more years of experience and perceived their
own skills as better.
level were not associated with using SMj to send a
message to a provider for any reason or using SM to
schedule an appointment.

levels 100% of the FPLk were more likely to login one
time than those below the FPL level.
Wedd, 2019
[30]

a

United
States

Unspecified patient
portal

Descriptive, quantita- 710 patients
tive

Black patients were less likely to use the portal vs
White patients among both kidney (Black 57% vs
White 74%) and liver (Black 28% vs White 55%)
transplant recipients. In adjusted multivariable analyses, kidney transplant recipients were more likely to
use the portal if they had higher education. Among
liver recipients, patients who were White and had
higher education were more likely to use the portal.

Zhong, 2018 United
[42]
States

MyUFHealth (also
known as MyChart
by Epic)

Observational, hypothesis testing

The user group comprised 53.1% patients with more
than four chronic problems (vs 40.2% of the matched
nonuser group), and had more patients bearing 10 or
more chronic problems (18.2% vs 12.2%). Individuals
enrolled in the patient portal were mostly middle aged
(31-64 years) and female. Married patients were more
likely to adopt the portal. Medicare and Medicaid patients, and Black or African American patients were
less likely to be adopters. Portal adoption was also
associated with the baseline number of active medical
problems (P<.05).

15,659 nonusers
and 5494 users

OR: odds ratio.

b

RCT: randomized controlled trial.

c

EHR: electronic health record.

d

PHR: personal health record.

e

LDL: low-density lipoprotein.

f

SBP: systolic blood pressure.

g

FM: family medicine.

h

GIM: general internal medicine.

i

ASA: American Society of Anesthesiology.

j

SM: secure messaging.

k

FPL: federal poverty level.

In terms of age, results were not homogeneous. Higher use in
older patients (aged >50 years) was described in four studies
[18,20,21,33]. In a middle age and elderly cohort, the mean age
of users was significantly lower [45]. On the other hand, younger
patients were also the major users in disease/specialty-specific
cohorts [32,35,46].
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A total of 19 studies mentioned the origin and ethnicity of users
[8,18,25,27,30-32,34,37-39,42-46,52,58]. White patients were
usually the most likely to use the portals described in the
different studies [18,27,30-32,37,38,43,45,52]. Two studies
found no significant association between ethnicity and portal
use [8,28].
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Most of the articles found a positive association between female
gender and portal use [28,35,38,42,43,58]. Only one study,
conversely, found male gender to be a predictor of registering
[27]. No statistically significant association between sex and
user/nonuser status was found in two articles [36,45].
In a cohort of patients with mental disorders, having
schizophrenia or schizoaffective disorders was negatively
associated with portal use [31]. Instead, depression was
positively associated [37]. Moderate or severe asthma was more
linked to portal use [32,60]. Moreover, having a diagnosis of
diabetes, hypertension, heart failure, or cardiovascular disease
was a significant predictor of portal use [20,40], with one
exception [46]. On the other hand, there were contrasting results
concerning the association between the number of comorbidities
and portal use [27,37,41,42,44].
People living in rural areas were less likely to use patient portals
than urban citizens in three studies [22,31,41], while higher
education levels were often related to broader use of portals
[23,25-27,30,32,52,57]. Only one study showed no significant
association [8]. Higher income was also generally associated
with portal use [31,37,45,46,58]. Only one study found no
association between income and the use of secure messages [8].
Studies conducted in the United States showed that having a
private insurance was positively associated with portal use
[18,32,39,42,45,46,58], with only one study reporting the
absence of this association [28].
Other patient characteristics positively associated with portal
use were being a member of a patient association [59] and being
admitted to an academic medical center [44].

Attitudes and Satisfaction
Patient attitudes were evaluated in terms of perceived barriers
and facilitators toward portal use. The overall satisfaction was
also assessed, and it refers to the extent to which the patient is
content about health care. Thirty articles addressed these topics
(Multimedia Appendix 4).
Nine articles clearly addressed the barriers to portal use. Some
of the main issues were related to perceived or preconceived
security concerns [8,48], limited knowledge [26,51], satisfaction
with current care [51], paying for the service [54], disinterest
in managing one’s own disease [26,57], personal/time
constraints and not thinking about accessing the portal [57,61],
doubts about the reliability of the patient portal to facilitate a
timely and productive message exchange with providers [8],
and prior negative experiences with secure messaging [8]. Other
barriers were related to population characteristics, such as being
a clinician older than 55 years or younger than 35 years and
being male [33], and variation in provider availability for online
appointment scheduling and response times to medical messages
[25]. Limited computer and internet access [20,25,26,51,57],
knowledge of technology [25,26,57], security concerns [25,48],
and data integration [48] were also negative predictors of portal
use.
On the other hand, nine articles specified the elements that
facilitated portal use, including improved communication with
specialists [22,48,60]; availability of information that led to an
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increased awareness of the health status [19,22,32,51,60] and
tracking of disease control [32]; time-saving, convenient, and
easy to use elements [19]; accuracy, timeliness, usefulness, and
convenience of the functionalities included in the portal [22,50];
availability of surrogates (ie, daughter or family member) to
act as intermediaries [51]; active involvement of the
practice/staff in the promotion of the portal (ie, team approach
strategy to engage staff in notifying patients) [33]; and active
training of the patient for portal use [61]. Concerning
satisfaction, patients were generally satisfied with the portals
[8,17,21,29,49,50,59-61].

Discussion
Due to the considerable amount of literature published on the
topic of patient portals, the aim of this review was to provide
evidence and to gather information systematically. Similar to
the review published in 2013 by Goldzweig et al [4], the
outcomes were grouped into four aspects, namely, health
outcomes and adherence, health care efficiency, patient
characteristics, and attitudes and satisfaction, and showed
nonunique results in terms of benefits brought by patient portals
concerning patient experience and health. The functionalities
available in the portals described by Goldzweig et al and our
review were likewise the same.
Positive results were described relating to the enhancement of
preventive behaviors [45], changes in chronic condition control
with higher control of diabetes parameters [34,36], and asthma
flares [60]. However, conflicting results were described
concerning blood pressure control [34,37], mental health
conditions [35,54,55], and medication adherence [32,57]. A
possible explanation of these results is that these particular
studies involved patients (often with a low sample size) who
utilized portals for a short period of time, preventing them from
having a possible consistent outcome. Similarly, concerning
health outcomes, Goldzweig et al found generally positive
results, which documented improvement in patients’ disease
control and maintenance [4], even though many of the included
studies in our review did not find a significant difference
between portal users and nonusers. Adherence to therapy was
always improved [4] similar to that in this review.
The number of clinical and ED visits [28,32,39,54,60] and
hospital readmissions [39,44,54,60] did not always decline in
patients using portals. The number of missed appointments
decreased [35,42], but this finding was not always significant
[28,42]. The nondeclining trends of hospitalizations and
outpatient visits as a consequence of portal use are concordant
in the two studies, although different findings were described.
Indeed, different from our review, in which we found more
often a decrease in the utilization of in-person services, the
review by Goldzweig et al reported that most of the studies
found an increased number of outpatient visits and
hospitalizations. As patient portals are normally designed to
reduce inappropriate health care utilization, this might be
partially explained by the fact that provider and patient
adaptations to the patient portals have evolved over time.
The studies differed also in terms of the population included,
with conflicting results in portal adoption and age, gender,
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ethnicity, kind of disease, and number of comorbidities.
Generally, having a higher income [31,37,45,46,58] and having
a private insurance were associated with increased portal use
[18,32,39,42,45,46,58].
The main barriers faced in using the portals were (1) user-related
issues, such as time constraints [57,61], disinterest in managing
the disease [26,57], and limited digital knowledge [26,51]; (2)
clinician-related issues, such as age [33] and attitude toward
the portal [33]; and (3) technology-related issues, such as limited
internet access [25,26,51,57] or ability to use technology
[25,26,57] and security concerns [25,48]. Privacy and security
concerns, and ability to use technological appliances and systems
were the most important barriers to utilization described in the
studies retrieved by Goldzweig et al [4]. Indeed, other recent
reviews on patient attitudes highlighted that privacy and security
problems are the main barriers to the use of patient portals.
These barriers are as evident in elderly patients (in whom there
is also a limitation of portal use related to age) as in younger
patients [62,63]. Moreover, technical problems due to patient
capacity and difficulties in using the portal also represent
important barriers. Thus, correct and adequate information on
safety issues and education on the technical use of the portal
represent the best facilitators. Furthermore, engaging patients
and making them realize that the portal represents a useful tool
to support the management of their pathology (especially for
chronic diseases) without replacing the doctor-patient
relationship are important to encourage the use of digital portals
[13,62,64]. In addition, technical improvements in the usability
of portals could increase patient enrollment.
Security problems are complex issues that must be considered
in any part of medical care. The use of information technologies
in health care that can be accessed by multiple types of users
(physician, patient, caregiver, and hospital administrative staff)
represents the basis of the discussion about computer security
[65]. Indeed, uncertainties about security of clinical data might
hinder adoption of systems by both hospitals and patients [48].
Patients expressed concern about their privacy and the privacy
of their family members, and asked for further information about
confidentiality, as vulnerable data might be accessed by external
providers, such as insurance providers, who are the main actors
of health care access in many countries [47].
The facilitators retrieved were the prompt availability of health
information that caused an increase in the awareness of the
health status [19,22,32,51,60], improved communication with
health care professionals [22,48,60], and the accuracy,
timeliness, usefulness, and convenience of the functionalities
included in the portal [22,50]. In this latter argument, some
functionalities of the portal were found to be more useful than
others, including laboratory tests and imaging [23,24,29,43,52],
medical notes [23,26], messaging with providers [52],
medication refill [52], and current medication list [29]. Generally
and as observed by Goldzweig et al [4], patients declared being
satisfied with the use of digital tools [8,17,21,29,49,50,59-61].
Despite the considerable number of studies included, the high
heterogeneity in terms of outcomes and described portal
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functionalities did not allow us to perform meta-analyses and
to draw generalizable and strong conclusions concerning the
utility of the unique features of the portals.
Technological and digital innovations in health care could
contribute to achieving the health system goals of equity,
efficiency, accessibility, quality, and sustainability, if they are
purposefully designed and cost-effectively implemented. When
designing a new patient portal or a new functionality, developers
and providers should always consider to which health care need
they are trying to respond and if other nondigital interventions
may be more effective or as effective at a lower cost.
Moreover, the adoption of a new technology is a complex
process, depending on the content and the context in which it
is introduced. As an example, our review demonstrated that it
is feasible to achieve better medication adherence in chronic
disease patients through portal use, and highlighted the main
facilitators (eg, prompt availability of reliable information and
accessibility of communication with disease specialists) and
barriers (eg, security and usability concerns, and limited digital
knowledge) to portal use. Keeping in mind these contextual
factors could ease the difficult task of identifying the best digital
tool for a specific population.
Before designing or implementing a new tool, it can be useful
to analyze the ideal conditions needed for the adaptation,
transfer, absorption, up-scaling, and enhancement of digital
technologies. By ideal conditions, we basically mean a situation
where the new technology has demonstrated effectiveness in
trials or pilots, the provider is committed to guarantee
continuous improvement in user accessibility and usability, and
the main barriers in the target population are given due
consideration. In the absence of these conditions, satisfactory
results may be difficult to reach or may take many years to be
observed.
The benefits of digitalization cannot be taken for granted and
the use of technology does not always lead to an improvement
in patient care and health system performance; thus, there is a
need for evidence, which is, to date, scarce. The identification
of a set of main features with proven efficacy for a patient portal
is a useful starting point for the development and implementation
of patient-oriented portals. Further studies should be conducted
in different aspects of digitalization in health care. None of the
studies retrieved analyzed the cost-effectiveness of portal use.
Similarly, none of the studies compared the portals to each other,
which could be interesting to point out the best practices and
features.
Even though a patient portal is not a new concept, its real
utilization and implementation are still far from optimal, and it
seem to be still considered a “future technology.” It is important
to adapt the portal functions to the needs and capacities of
patients, in order to facilitate the use of this technology and
improve its dissemination. In particular, overcoming ethnic and
literacy barriers to portal use represents a fundamental goal to
create more equitable, effective, and safe health care systems.
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Abstract
Background: Although patient portals are widely used for health promotion, little is known about the use of palliative care and
end-of-life (PCEOL) portal tools available for patients and caregivers.
Objective: This study aims to identify and assess the user perspectives of PCEOL portal tools available to patients and caregivers
described and evaluated in the literature.
Methods: We performed a scoping review of the academic literature directed by the PRISMA (Preferred Reporting Items for
Systematic Reviews and Meta-analyses) extension for Scoping Review and searched three databases. Sources were included if
they reported the development or testing of a feature, resource, tool, or intervention; focused on at least one PCEOL domain
defined by the National Coalition for Hospice and Palliative Care; targeted adults with serious illness or caregivers; and were
offered via a patient portal tethered to an electronic medical record. We independently screened the titles and abstracts (n=796)
for eligibility. Full-text (84/796, 10.6%) sources were reviewed. We abstracted descriptions of the portal tool name, content,
targeted population, and reported user acceptability for each tool from included sources (n=19).
Results: In total, 19 articles describing 12 tools were included, addressing the following PCEOL domains: ethical or legal (n=5),
physical (n=5), and psychological or psychiatric (n=2). No tools for bereavement or hospice care were identified. Studies have
reported high acceptability of tools among users; however, few sources commented on usability among older adults.
Conclusions: PCEOL patient portal tools are understudied. As medical care increasingly moves toward virtual platforms, future
research should investigate the usability and acceptability of PCEOL patient portal resources and evaluate their impact on health
outcomes.
(J Med Internet Res 2021;23(9):e28797) doi:10.2196/28797
KEYWORDS
patient portal; electronic health record; digital health; palliative care; end-of-life care

Introduction
Patient portals are secure websites that provide access to
personal health information and health care services that often
include web-based tools for medical visits, health records, and
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medications [1]. In addition to providing patients with access
to their health records, health care organizations offer other
digital health resources and functions through patient portals,
including messaging with providers, general medical
information, and prescription refills [2]. The growing adoption
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of portals shows that approximately 90% of health care
organizations provide a portal system [3]. Through access to
health records, patient portals promote self-management of
health and disease and help improve patient-clinician
communication [4-7].
Patients with chronic or serious illness may especially benefit
from access to patient portals; in fact, having a chronic illness
is a predictor of portal enrollment and use [8]. Older
adults—80% of whom have at least one chronic illness [9]—are
increasingly becoming the focus of chronic condition
management and population health initiatives that involve the
adoption and use of digital health technology, including patient
portals. Although there are concerns about the low use of patient
portals among this population [10-13], evidence also suggests
a growing trend of internet and technology use among older
adults [14,15]. This emphasizes the need to develop and tailor
patient portals for the use of older adults. The rise of patient
portal use also presents the opportunity to maximize patient
empowerment, education, and patient-clinician communication
among patients facing serious illnesses.
In light of the potential benefits of digital health technologies
for older adults and individuals with chronic or serious illness,
interest is also growing in digital health interventions targeted
toward palliative care and end-of-life (PCEOL) patients,
including the use of patient portals [16]. Palliative care focuses
on pain and symptom management and improving quality of
life for patients with serious illness and their families, and the
Institute of Medicine has named access to these services as
essential [17,18]. Despite the potential benefits of palliative
care [19], issues with access to this specialized care persist
because of barriers, including lack of availability and public
awareness, particularly in rural areas [20,21]. Patient portals
can be used to deliver advance care planning (ACP) education
and provide access to materials for documenting advance
directives, Medical Durable Power of Attorney (MDPOA), and
health care proxies. Studies implementing ACP efforts through
patient portals demonstrate patient acceptability as well as
successful increases in ACP-related documentation [22-24].
Although this evidence is encouraging for the use of patient
portals to promote PCEOL outcomes, there is also a need to
understand the utility of patient portals for PCEOL patient
education and resources and whether patient portal use is
associated with other important PCEOL health outcomes, such
as symptom management, hospice use (high quality palliative
care near the end of life, typically in the last 6 months) [25],
and documentation of care preferences.
As a first step in this line of research, we aim to conduct a
scoping review of PCEOL patient portal research. The aims of
this study are to (1) identify PCEOL patient portal tools
available for patients and caregivers that are described and
evaluated in the literature and (2) document patient and caregiver
perspectives regarding these tools. By describing currently
available tools and their respective user perspectives, this review
intends to inform future research examining the association
between tool use and PCEOL outcomes while guiding future
PCEOL patient portal tool development.
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Methods
Scoping Review
As little is known about the use of patient portals for the delivery
of palliative and end-of-life care, a scoping review of the
academic literature was conducted to identify sources describing
currently available patient portal PCEOL tools. Our methods
were aligned with methodological framework for scoping
reviews by Arksey and O’Malley [26], which includes the
following stages: identifying the research questions; identifying
relevant studies; study selection; charting the data; and collating,
summarizing, and reporting the results. The PRISMA (Preferred
Reporting Items for Systematic Reviews and Meta-analyses)
extension for Scoping Review checklist guided our reporting
(Multimedia Appendix 1) [27]. Our scoping review goals and
procedures were registered with the Open Science Framework
on March 26, 2020 (DOI 10.17605/OSF.IO/N34JZ).

Identifying Relevant Studies
To identify PCEOL patient portal tools described in the
academic literature, we searched three databases (Ovid
MEDLINE, CINAHL, and Web of Science) for peer-reviewed
sources, including both qualitative and quantitative studies. The
search terms included patient portal in combination with
PCEOL terms such as palliative care, hospice, end-of-life,
terminal illness, cancer, advance directives, symptom
management, ACP, grief, and caregiver support. Our specific
search strategy with exclusion terms is presented in Multimedia
Appendix 2. The PCEOL search terms have previously been
used to identify digital health solutions directed toward palliative
care [28,29]. No time limits restricted the search, and only
sources in English were included. We used Covidence, a
web-based systematic review management program to remove
duplicates, track citations, and screen references [30]. Our search
was conducted in March 2020.
Sources were included in the scoping review if they (1)
described a developed feature, resource, tool, or intervention
that focused on at least one domain of PCEOL as defined by
the National Coalition for Hospice and Palliative Care [31]; (2)
targeted adults with serious illness (a health condition with a
high risk of mortality impacting daily functioning or quality of
life) [32] or their family and caregivers; and (3) were offered
via a patient portal. The domains of palliative care include the
following:
•
•

•
•

•

Physical aspects of care including pain and symptom
management, as well as quality of life assessment
Psychological aspects of care, including care about anxiety,
depression, stress, cognitive impairment, psychosocial
support, coping skills, and support around patient or family
grief and bereavement
Social aspects of care, including patient and family
education and caregiver support
Spiritual and cultural aspects of care, including spiritual,
existential, or religious support or attention to language,
ritual, or dietary needs
Care of the imminently dying, including end-of-life care
and education
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•

Ethical and legal aspects of care, including ACP and
documentation (appointment of MDPOA or health care
proxy, and completion of advance directives)

To determine whether sources met the inclusion criteria, 2
coders (MPI and CV) independently reviewed the academic
sources by title and abstract.

Full-Text Review
Full texts of sources included by title and abstract were
downloaded and further assessed for eligibility by 2 coders
(MPI and CV). We determined whether the portal tool was
targeted toward patients, caregivers, or both by reviewing the
full text of the included sources for explicit mention of the
intended users of the portal tool. The full text was also reviewed
for a thorough description of the tool’s purpose and available
features, apps, and content. Sources that presented a protocol

Ingle et al
or planned portal feature, did not provide a detailed description
of the resources or content (eg, abstract and review articles),
did not focus on a PCEOL domain, targeted a pediatric or
non–seriously ill population, examined the user characteristics
and perspectives of general portal use, were not published in
English, described a tool that was not tethered to a patient portal
(eg, free-standing website or mobile app), or for which the full
text was not retrievable, were excluded from the review.
Pediatric populations were excluded because of their different
care needs, access to technology, and technological skills.
The coders regularly reviewed the sources and discussed
questions and possible disputes. Both coders agreed on the
features included in the review, with a third reviewer (JDP)
reconciling disputes. A summary of the search and screening
processes is shown in Figure 1.

Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flow diagram. PCEOL: palliative care and end-of-life.
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Charting the Data
The full text of each of the included sources was reviewed, and
the elements and features of the described PCEOL patient portal
tool were abstracted by 2 reviewers (MPI and CV) into a
Microsoft Excel spreadsheet. To ensure consistency, the
reviewers double-extracted five articles before dividing the
remaining articles. The abstracted data included the following
components: portal name, health system user, developer
(research team or organization), target illness and/or palliative
care element, intended audience (patient, patient’s caregiver,
or both), and a summary of the features. When described, patient
and caregiver perspectives about the tool, including
measurements and qualitative reports of acceptability or usability
and user satisfaction, were abstracted.

Collating, Summarizing, and Reporting the Results
We used an iterative and mixed inductive-deductive approach
to summarize the charted information and results from the
included papers to address our aims [26]. The charted
information from each paper was reviewed extensively to
identify similarities and differences in patient portal features,
PCEOL domains, study population or targeted audience, and
acceptability and usability findings (when available). The first,
second, and senior authors (MPI, CV, and JDP) reviewed and
agreed upon the thematic groupings of the results.

Results
Study Selection
The initial database search identified 796 unique sources that
we screened by title and abstract (Figure 1). At this stage, we
excluded 89.4% (712/796) of sources and reviewed 10.6%
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(84/796) of full-text sources. We excluded an additional 65
sources after full-text review because they presented a protocol
or planned portal feature (7/65, 11%), examined user
characteristics and perspectives of general portal use (6/65, 9%),
described a tool that was not tethered to a patient portal (17/65,
26%), did not focus on a specific PCEOL domain (6/65, 9%),
or was targeted at a pediatric or non–seriously ill population
(8/65, 12%). At this stage, we also excluded sources that did
not provide detailed descriptions of the tool’s intended audience,
content, and/or features (12/65, 18%) and sources for which the
full text was not retrieved through the 3 separate university
libraries we had access to (9/65, 13%). Using these methods,
we identified 18 sources eligible for inclusion. During the
full-text review of a selected article [33], an additional article
that met the inclusion criteria [34] was identified in the text,
bringing the total number of included sources to 19.

Identification of PCEOL Patient Portal Tools
We abstracted data from 19 sources published between the years
2013 and 2020 that describe 12 unique PCEOL patient portal
tools (Table 1). The identified tools were developed by
researchers and clinicians with the specific intent of enhancing
PCEOL care. The identified PCEOL patient portal tools address
the following domains: ethical and legal (n=5), physical (n=5),
and psychological aspects of care (n=2). No tools address
spiritual or bereavement support or hospice care education.
Tools addressing the physical and psychological aspects of
palliative care focus on quality of life and psychosocial support
tools and are designed for cancer (n=6) and chronic kidney
disease (n=1) patients. Patients are the intended audience for
most PCEOL patient portal tools (n=9). Most tools were
developed in an academic setting (n=11) and in the United States
(n=9).
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Table 1. Summary of included articles.
Study

Portal
name

PCEOLa
domain

Bajracharya
et al [24]

PatientSite

Ethical or 200 patients;
legal
63% women;
82% White;
(ACPb)
mean age 55
years (SD
15.16)

Tieu et al
[35]

Mayo
Ethical or
Clinic Pa- legal
tient On- (ACP)
line Services

Sample size
Study deand character- sign
istics

2526 patients;
51% female;
mean age 72
years (SD 5.8)

Developer

Summary of features

Summary of portal
use

Evaluation
of portal
implementation

Beth Israel Deaconess Medical
Center, Boston,
MA, United
States

A guided HCPc interview
delivered via patient portal that provides education on the HCP role,
collects information necessary for the completion
of an HCP form, allows
patients to print the HCP
form and submit their
HCP form electronically.
The HCP form may be
incorporated into patient’s personal health
record.

Of the participants
N/Ad
that did not have an
HCP listed before
partaking in the interview, 78% submitted HCP information
for clinician review.
Of 200 patients, 139
submitted updated or
new information
about HCP overall.

Randomized controlled intervention

Mayo Clinic,
Tool delivers a personalRochester, MN, ized, electronic message
United States
to patients with a link to
ACP education and a
state-specific advance directive form.

Only 5.5% of the intervention group and
2% of the control
group completed and

The Ohio State
University,
Columbus, OH,
United States

Tool delivers a secure
message to patients consisting of an introduction
to ACP and four ACPrelated questions. The responses are automatically
stored in the patient’s
medical record and integrated into an ACP previsit planning algorithm
focused on enhancing
patient-provider communication surrounding
ACP preferences.

In the intervention
N/A
group, 10 of 23 participants completed
ACP documentation
compared with 1 of
25 participants in the
control group.

The Ohio State
University,
Columbus, OH,
United States

Tool delivers a secure
message to patients consisting of an introduction
to ACP and four ACPrelated questions. The responses are automatically
stored in the patient’s
medical record and integrated into an ACP previsit planning algorithm
focused on enhancing
patient-provider communication surrounding
ACP preferences.

ACP documentation N/A

BoseBrill et al
[34]

MyChart
(operated
through
Epic)

Ethical or 50 patients
legal
(ACP)

BoseBrill et al
[33]

MyChart
(operated
through
Epic)

Ethical or 419 patients; Pragmatic
legal
65% female;
trial
(ACP)
median age 61
years; range
50-93
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Randomized controlled pilot intervention

returned an ADe.

Promotion of
use

Patients randomized to intervention
group received message encouraging them to
complete AD;
reminder was
sent out 8
weeks after if
patients had
not completed.

in EHRf increased
by 27% in intervention group, compared with 0.7% in
control group. 78%
of the intervention
group read the initial
message sent to
them and 19% responded to at least
one ACP-related
question.
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PCEOLa
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Sample size
Study deand character- sign
istics

Developer

Summary of features

Summary of portal
use

Lum et al MyEthical or
[22]
Health
legal
Connec- (ACP)
tion (operated
through
Epic)

2184 patients;
69% female;
mean age 45
years; range
17-98

University of
Colorado Hospital, Aurora, CO,
United States

Tool provides patientcentered website for ACP
education, secure messaging with an ACP support
team, the ability to complete and sign an MD-

Over 15 months,
N/A
2814 patients used
ACP tool; 89%
completed MDPOA
form, 2% called or
sent web-based messages; 8% viewed
MDPOA form without completing.

Jordan et
al [23]

46 patients;
63% female;
mean age 49
years

Exploratory qualitative study

University of
Colorado Hospital, Aurora, CO,
United States

Tool provides patientNot collected
centered website for ACP
education, secure messaging with an ACP support
team, the ability to complete and sign an MDPOA form and to view
the completed advance
directive in the patient’s
personal health record.

BrunMyEthical or 105 older
gardt et al Health
legal
adult patients
[36]
Connec- (ACP)
tion (operated
through
Epic)

Practicebased pilot
initiative

University of
Colorado Hospital, Aurora, CO,
United States

Tool provides patientcentered website for ACP
education, secure messaging with an ACP support
team, the ability to complete and sign an MDPOA form and to view
the completed advance
directive in the patient’s
personal health record.

At 1 year, 63 paN/A
tients read ACP
message and 17 had
taken at least one
ACP action step.

MyEthical or
Health
legal
Connec- (ACP)
tion (operated
through
Epic)

Quality improvement
intervention

POAg form and to view
the completed advance
directive in the patient’s
personal health record.

Promotion of
use

N/A

Portz et
al [37]

My
Health
Manager
(operated
through
Epic)

Ethical or 24 older adult Qualitative Kaiser Permalegal
patients with case study nente, Denver,
(ACP)
multiple
CO, United
chronic condiStates
tions; 71% female; 79%
White; mean
age 78 years
(SD 5.4)

Tool provides ACP education, ACP resources,
and links to external
website to complete advance directives.

Not collected

Dalal et
al [38]

PatientCentered
Toolkit

Physical

Tool allows patients with
serious illness to navigate
their plan of care during
hospitalization. Patient
can establish a single recovery goal and rate priorities, review medication and test results, securely message their care
team, access educational
content, and view discharge checklists, tailored safety tips, and reminders.

66% users inputted N/A
daily goal; 41% inputted overall goal
(to be cured, to live
longer, to be comfortable, other); 32%
communicated care
preferences; 64%
provided real-time
feedback for team.
Goals, results, team
members, medications, and messages
were the most frequently visited
pages. Problem education was the least
frequently visited
page.

(QOLh)

https://www.jmir.org/2021/9/e28797

XSL• FO
RenderX

119 admitted
patients and
120 caregivers; 43%
female; mean
age 56 years

Evaluation
of portal
implementation

Brigham and
Women’s Hospital, Boston,
MA, United
States

N/A
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Portal
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PCEOLa
domain

Sample size
Study deand character- sign
istics

Developer

Summary of features

Dalal et
al [39]

PatientCentered
Toolkit

Physical
(QOL)

55 patients
preintervention, 40% female, 89%
White; mean
age 59 years
(SD 12.8); 46
patients
postintervention, 46% female, 83%
White, mean
age 58 years
(SD 13.5)

Prospective
pre- or
postintervention
study

Brigham and
Women’s Hospital, Boston,
MA, United
States

Tool allows patients with Not collected
serious illness to navigate
their plan of care during
hospitalization. Patient
can establish a single recovery goal and rate priorities, review medication and test results, securely message their care
team, access educational
content, and view discharge checklists, tailored safety tips, and reminders.

Kuijpers
et al [40]

MyAVL
or MijnAVL

Physical
(QOL)

92 female patients with
breast cancer;
mean age 49
years (SD
11.4)

Pre- or
Netherlands
posttest in- Cancer Institervention tute, Amsterdam, Netherlands

Groen et
al [41]

MyAVL
(MijnAVL)

Physical
(QOL)

37 patients
Feasibility
with lung can- intervencer; 47%
tion
women; 100%
White; mean
age 59 years
(SD 8.4);
range 40-76
years

Wagner
et al [42]

MyChart
(operated
through
Epic)

Physical
(QOL)

636 female patients with
cancer; 78%
White; age
mean 55 years
(SD 12.8);
range 21-90
years

https://www.jmir.org/2021/9/e28797

XSL• FO
RenderX

Clinical
quality improvement
initiative

Summary of portal
use

Promotion of
use
Participants
were encouraged to enter
recovery goals
to the portal.

PROi collection and
symptom management
for patients with breast or
non–small cell lung cancer. Patients can complete quality of life and
physical activity questionnaires and receive personalized physical activity
advice based on the
questionnaire responses.

Overview of appoint- N/A

Netherlands
Cancer Institute, Amsterdam, Netherlands

PRO collection and
symptom management
for patients with breast or
non–small cell lung cancer. Patients can complete quality of life and
physical activity questionnaires and receive personalized physical activity
advice based on the
questionnaire responses.

Mean number of
N/A
log-ins over 4-month
study period—11.2
with mean duration
of 12.9 minutes.
Overview of appointments, access to
EMR, and questionnaires were the most
accessed.

PROMISk,
Northwestern
University
(Chicago, IL)
and US Department of Health
and Human Services (Washington, DC), United States

PRO collection and
symptom management
for patients with cancer.
Delivers electronic PRO
assessments and other
assessments to identify
psychosocial concerns,
informational and nutritional needs. The results
are immediately populated to the patient’s EHR.
This integration allows
automated triage to multidisciplinary care team.

80% of patients read e-PRO assessthe initial MyChart ments were
message asking for sent before
e-PROl assessment scheduled outpatient apcompletion; about
33% completed the pointments
through Myentire assessment.
90% of the patients Chart. Those
who did not
that completed the
assessment did so at compete the
assessment at
home.
home were
provided with
an iPad to
complete the
assessment
during appointment check-in.

ments and EMRj
were accessed most
frequently; mean
number of log-ins
for on-treatment is
10.9 with mean of
11.3 minutes. Mean
number of log-ins
for off-treatment is
5.6 with mean of
15.2 minutes.
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Garcia et
al [43]

MyChart
(operated
through
Epic)

Physical
(QOL)

3521 patients
with cancer;
68% female;
76% White;
mean age 57
years (SD
13.39)

PROMIS,
Northwestern
University
(Chicago, IL)
and US Department of Health
and Human Services (Washington, DC), United States

PRO collection and
Not collected
symptom management
for patients with cancer.
Delivers electronic PRO
assessments and other
assessments to identify
psychosocial concerns,
informational and nutritional needs. The results
are immediately populated to the patient’s EHR.
This integration allows
automated triage to multidisciplinary care team.

e-PRO assessments were
sent before
scheduled outpatient appointments
through MyChart. Those
who did not
compete the
assessment at
home were
provided with
an iPad to
complete the
assessment
during appointment check-in.

Brant et
al [44]

Carevive
Care
Planning
System

Physical
(QOL)

121 female pa- Mixed
Carevive, Unittients with gy- methods pi- ed States
necologic or
lot study
breast cancer;
83% White;
age mean 56
years (SD
10.94); range
28-81

PRO collection and
Not collected
symptoms management
for patients with breast or
gynecologic cancer. Collects PRO and integrates
responses and clinical
data to create a tailored
care plan that provides
clinical decision support
and self-management advice to patient and caregivers.

N/A

Hazara et Renal Pa- Physical
al [45]
tientView (QOL)

190 patients
with chronic
kidney disease; 34% female; median
age 53 years;
range 19-86

PRO collection and
symptom management
for patients with chronic
kidney disease. Patients
can document and monitor symptoms and other
health indicators and access educational resources.

Hudson
et al [46]

10 patients
Ethnograph- Renal Patient
with chronic
ic qualita- Exchange
kidney distive study
Group, United
ease; 20% feKingdom
male; age
mean 59 years

Renal Pa- Physical
tientView (QOL)

https://www.jmir.org/2021/9/e28797

XSL• FO
RenderX

Clinical
quality improvement
initiative

Quality im- Renal Patient
provement Exchange
initiative
Group, United
Kingdom

Summary of portal
use

Promotion of
use

Between 2009-2013, N/A
tool had 421 registered users and 54%
were active.

PRO collection and
Not collected
symptom management
for patients with chronic
kidney disease. Patients
can document and monitor symptoms and other
health indicators and access educational resources.

N/A
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Summary of portal
use

Pai et al
[47]

Provider

Psychological or
psychiatric

22 male patients with
prostate cancer; 95%
White; mean
age 64 years
(51-76)

Nonexperimental
posttest only

British
Columbia Cancer Agency and
the School of
Health Information Science at
the University
of Victoria,
Victoria, BC,
Canada

Psychosocial support for
patients with prostate
cancer. Allows patients
to view a summary of
prostate cancer diagnosis,
cancer treatment received, and monitor
health indicators. Patients
can also access a treatment decision support
tool, a questionnaire on
distress level, education
on prostate cancer and its
treatments, and a tailored
clinical trial and research
screening tool.

Mean registered log- N/A
ins over 6 months
was 3.4. Medical
records, appointment

30 patients
with cancer;
77% female;
33% White;
mean age 56
years (SD
13.6)

One group
pre- or
posttest pilot study

University of
Maryland Medical Center, Baltimore, MD,
United States

Psychosocial support for Not collected
patients with cancer.
Provides 12-week content with six modules including transition to survivorship, nutrition, exercise, cancer and relationships, fear and mental
health, and stress management using mindfulness.
There are goal setting activities, discussion
boards, and virtual libraries at the end of each
module.

Nahm et
al [48]

a

Ingle et al

CaSn

PET

Psychological or
psychiatric

Promotion of
use

viewer, and PSAm
monitoring tool were
accessed most frequently by users.

Biweekly follow-up messages were
sent out after
initial message.

PCEOL: palliative care and end-of-life.

b

ACP: advance care planning.

c

HCP: health care proxy.

d

N/A: not applicable.

e

AD: advance directive.

f

EHR: electronic health record.

g

MDPOA: Medical Durable Power of Attorney.

h

QOL: quality of life.

i

PRO: patient-reported outcome.

j

EMR: electronic medical record.

k

PROMIS: Patient-Reported Outcomes Measurement Information System.

l

e-PRO: electronic patient-reported outcome.

m

PSA: prostate-specific antigen

n

CaS-PET: Cancer Survivorship Patient Engagement Toolkit.

Features of PCEOL Patient Portal Tools
Ethical or Legal
All five tools addressing ethical and legal aspects of care center
on ACP, including ACP education and the opportunity to
complete documentation of advance directive, or of an appointed
MDPOA or health care proxy. The ACP tools in each of these
patient portals provide education and a means to facilitate
documentation of advance care preferences. We identified two
tools (PatientSite and MyChart) that use a guided,
patient-centered questionnaire to enable the completion of an
advance directive [24,33,34]. Although most of the tools allow
https://www.jmir.org/2021/9/e28797

XSL• FO
RenderX

users to complete and submit an advance directive that directly
integrates into the electronic health record [22,23,35,36], we
identified one tool based on My Health Manager (a Kaiser
Permanente portal built through Epic software) that links users
to an external website to complete the advance directive [37].

Physical
The identified PCEOL patient portal tools addressing physical
aspects of care focus on improving the quality of life of patients
with serious illness. Four of the five tools identified allow users
to complete patient-reported outcome assessments and other
questionnaires electronically [42-46]. The results of the
assessments were automatically integrated into the electronic
J Med Internet Res 2021 | vol. 23 | iss. 9 | e28797 | p.894
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medical record and then used to generate an action. One of the
tools incorporated the Patient-Reported Outcomes Measurement
Information
System
(PROMIS),
which
employs
computer-adaptive tests to measure patient-reported symptoms
and health-related quality of life across various medical
conditions [42,43]. Wagner et al [42] administered an
assessment that included a subset of PROMIS computer-adapted
tests measuring pain interference, fatigue, physical function,
depression, and anxiety and a checklist to identify psychosocial,
informational, and nutritional needs [43] in patients with
gynecological cancers. For each outcome, a score above a
specific threshold triggers an alert to the appropriate member
of the multidisciplinary care team for further evaluation. This
assessment was also conducted in a larger cohort of adult
medical oncology outpatients [42].
Similarly, MyAVL (MijnAVL), a patient portal for patients
with breast and non–small cell lung cancer in the Netherlands,
allows users to complete quality of life and physical activity
questionnaires. Users are provided with tailored physical activity
advice based on their responses. The commercially developed
Carevive Care Planning System allows for the collection of
patient-reported outcomes in patients with breast and
gynecological cancers [44]. Targeted at both patients and
caregivers, the users’ responses were used to create a care plan
that included clinical decision support and patient education
and self-management resources. Renal PatientView, developed
in the United Kingdom, was the only tool identified in patients
with chronic kidney disease [45,46]. Renal PatientView allows
users to monitor symptoms and other health indicators (eg,
weight, blood pressure, and blood glucose) electronically and
access educational content specific to their diagnosis.
Only one of the tools addressing quality of life, the
Patient-Centered Tool Kit (PCTK), was designed for use during
acute hospitalization [38,39]. The PCTK has been studied in
patients admitted to medical intensive care and oncology units
and their caregivers. Integrated with the patient’s electronic
health record, the tool allows users to establish a single recovery
goal that can be updated throughout hospitalization. Users can
also access educational content, predischarge checklists, and
navigate their plan of care.

Psychological
Two of the PCEOL patient portal tools addressed the
psychological aspects of care, primarily providing resources for
psychosocial support. The British Columbia Cancer Agency
developed the Provider tool for patients with prostate cancer.
This tool allows users to complete a questionnaire on distress
levels and access treatment decision support resources [47]. The
tool also provides users with education on prostate cancer, its
treatment, and a personalized clinical trial screening tool. The
Cancer Survivorship Patient Toolkit (CaS-PET) was developed
to provide survivorship care plans for patients with cancer [48].
This tool uses a biweekly follow-up contact via secure
messaging. Each message asks about the patient’s general
condition and support needs and includes links to well beyond
cancer, a web-based resource with six modules that include
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transition to survivorship, nutrition, exercise, cancer and
relationships, fear and mental health, and stress management
using mindfulness. The modules incorporate goal setting,
discussion boards, and virtual libraries.

Information on Use or Promotion of Use
Portal use measures were described for nearly all (n=10) patient
portal tools in at least one study. Table 1 illustrates these
findings in detail. Portal use was most often measured by the
mean number of log-ins and duration in minutes [40,41,47],
number of registered users [45], features accessed [38,40,41,47],
or completed activities such as completing an AD or other
ACP-related documentation [22,24,33-36] or inputting a daily
goal [38].
Overall, an overview of appointments and medical records were
the most frequently accessed features for portals [38,40,41,47].
The Patient-Centered Toolkit assessed that education on
patients’ problem or condition was the least visited feature;
however, this could be explained by the study’s in-patient setting
where the patients and caregivers had more frequent access to
providers [38,39].
Studies for four of the portals specifically described methods
of promoting portal use, either by reminders via electronic
messages [35,42,48] or in-person [39]. The impact of these
promotions of use is mixed; two of the studies did not collect
data on portal use to correspond to their promotion efforts. After
sending electronic messages prompting patients to complete
their e-PRO assessment before their scheduled appointment,
Wagner et al [42] found that 80% of recipients read the message,
while 33% of them completed the electronic patient-reported
outcomes (e-PRO) assessment.

User Perspectives
Usability, acceptability, and user satisfaction were formally
evaluated for nine of the identified PCEOL patient portal tools
(Table 2). Only two studies have specifically assessed the user
perspectives of older adults [37,49]. In general, usability and
acceptability rankings were high, and users were satisfied with
the tools. Users valued tools that allowed the electronic
collection of patient-reported outcomes and symptoms. Aside
from their perceived convenience, these tools allow users to
gain a sense of control over their health, improve symptom
management, and access novel resources [40,41,44,47,48].
Users viewed these tools as a means of improving
communication. In particular, the integration of tools with
electronic medical records was valued. In ACP tools, users
appreciated that the advance directive forms were easily
retrievable and viewable for their providers and family
[23,24,37]. The tools addressing quality of life and psychosocial
support were also perceived to improve communication with
the care team [39,44,47,48]. There was evidence of increased
care plan concordance between patients [39], and users noted
that the tools better prepared them for their clinical visits
[44,47,48]. Users of the CaS-PET felt that the tool helped them
determine what questions to ask during their medical
appointments.
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Table 2. Portal tool usability and satisfaction.
Portal tool

Usability sample size
(overall sample size)

PatientSite [24] •

74 (200)

Data collection

Mean usability or satisfaction scores Comments for improvement
or qualitative comments

•

•

Qualitative feedback

Patient participants had posi- •
tive feedback on usability, tool
prompted patients to take the
time to think about their HCPa,
gave them an opportunity to
improve their HCP information, and helped patients tackle
this difficult topic

MyHealth Con- •
nection (Epic)
•
[22,23]

11 (2814)
46 (46); 63% female; mean age 49
years

•
•

SUSb
Qualitative feedback

•
•

89 (a total of 70 or greater is
•
typically considered acceptable
for usability)
Patients were generally satisfied with the ease of use and
were likely to recommend us-

Patients made minor suggestions to improve the capability to edit form directly, to
improve the ease of printing
the form, and to add ability
to appoint an additional
HCP.

N/Ad

ing the tool for ACPc documentation to others.
My Health
•
Manager (Epic)
[37]

PCTKf [38]

•

•

MyAVL (MijnAVL) [40,41]

•
•

24 (24); 71% female; 79% White;
mean age 78 years
(SD 5.4)

•

18 (239); 10 pa•
tients; 50% female;
80% White; 70%
>51 years
8 caregivers; 75%
female; 87% White;
87% >51 years
28 (37)
92 (92); all female;
mean age 49 years
(SD 11.4)

•
•

Qualitative feedback (focus groups)

•

SUS

•

74 (a total of 70 or greater is
•
typically considered acceptable
for usability)

Feedback included suggestion for improving technical
features and displays to enhance clinical communication.

WUSg; UTAUTh
WUS; UTAUT

•

3.9 (maximum score of 5, indi- •
cated the highest level of satis- •
faction); 93% reported tool
easy to use, 69% reported tool
valuable addition to health care
experience
3.8; 75% reported tool easy to
use

N/A
Focus groups expressed
overall satisfaction with
portal features, however
expressed desire for educational content to be more
tailored to their specific
condition

•

94 (121)

Renal PatientView
[45,46]

•

190 (190) [45]; 34% •
female; median age
53 years; range 19- •
86 years
10 (10); 20% female; mean age 59
years

•
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•

•

N/A

terest in having ADe documentation features available in the
electronic medical record

•

Carevive Care
Planning System [44]

Most participants reported in-

SUS

•

83 (a total of 70 or greater is
•
typically considered acceptable
for usability)

N/A

Investigator-developed
questionnaire
Qualitative feedback

•

45% of inactive users cited
•
computer or password issues •
as primary issue for nonuse;
37% of inactive users said
portal did not anything to their
relationship with clinicians
Patients found the portal valuable to help prepare themselves
and family for changes in care
and had better understanding
of how their symptoms, blood
results, and physiological
changes were connected; able
to better involve family in care

N/A
N/A

•
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Portal tool

Usability sample size
(overall sample size)

Data collection

Mean usability or satisfaction scores Comments for improvement
or qualitative comments

Provider [47]

•

22 (22); all male;
95% White; mean
age 64 years; range
51-76 years

•

Questionnaire not specified

•

88% of respondents rated
•
overall satisfaction as excellent
or very good; 88% of respondents would continue to use the
tool

N/A

CaS-PETi [48]

•

30 (30); 77% female; 33% White;
mean age 56 years
(SD 13.6)

•

Health Website Usability
Questionnaire subscale;
open-ended questions

•

Most patients (n=22) found the •
portal helpful and reported
having helpful information or
that it helped them stay healthy

N/A

HCP: health care proxy.

b

SUS: Systematic Usability Scale.

c

ACP: advance care planning.

d

N/A: not applicable.

e

AD: advance directive.

f

PCTK: Patient-Centered Tool Kit.

g

WUSQ: Website User Satisfaction.

h

UTAUT: Unified Theory of Acceptance and Use of Technology.

i

CaS-PET: Cancer Survivorship Patient Engagement Toolkit.

Discussion
Principal Findings
Patient portals may offer accessible avenues for keeping
individuals with serious illness and their caregivers connected
to PCEOL resources. Although the use of patient portals among
patients with serious life-limiting illness is of growing interest,
previous studies suggest that patients with serious illness and
their caregivers are potentially extensive users of patient portal
tools that are commonly available, particularly to access care
team information, review laboratory results, and obtain medical
records [50,51]. Interest in using patient portals among this
population may be high and potentially an excellent venue for
providing PCEOL-specific information and resources. This
scoping review of 19 articles described available PCEOL
features via patient portals tethered to electronic health records.
Overall, the review highlighted some of the ways patient portals
are offering PCEOL resources, as well as opportunities for future
work to leverage patient portals to increase access and awareness
of PCEOL care.
The results identified 12 unique patient portal resources
supporting the following PCEOL domains: ethical or legal (in
the case of this review, exclusively ACP education; n=5),
physical (including symptom monitoring, goals of care, and
patient-reported outcomes; n=5), and psychological support
(n=2). Most resources were targeted toward patient audiences
(n=9), with the remainder being targeted toward caregivers, or
both patients and caregivers. Only two resources focused
specifically on the user characteristics of older adults [37,49],
which indicates a clear opportunity to improve our
understanding of use and usability in this high-need patient
population.
Evidence demonstrates that patients living with serious illnesses
and their family members and caregivers can benefit from
palliative care [52]. However, there are nearly 1 million patients
https://www.jmir.org/2021/9/e28797

XSL• FO
RenderX

who are admitted to the hospital annually who could benefit
from palliative care and yet do not receive this specialized care
[53]. In addition, people living in rural communities have less
access to palliative care services than their urban counterparts
[54]. Although we recognize that palliative care is highly
personalized, patient portals offer the opportunity to leverage
technology to promote access and education regarding PCEOL
issues. Incorporating PCEOL resources into patient portal
features may serve to introduce or supplement specialty
palliative care services or bridge the gap where patients have
no access to palliative care.
Furthermore, the role of digital health solutions, including
patient portal resources, is more important than ever in the wake
of the COVID-19 pandemic. Health systems across the United
States, and the globe, are forced to incorporate digital care as
part of their regular repertoire of available patient care as safety
precautions and social distancing have become the norm [55,56].
Individuals who are appropriate for palliative care are highly
vulnerable and must be especially considered when addressing
how to bring quality virtual health care to individuals during a
pandemic. These patients have an increased risk of contracting
the virus and experiencing related complications (eg,
hospitalization or death) because of their age and health status.
They have also been uniquely impacted by the pandemic in that
they still require continuous disease management and may
experience disproportionate exacerbations of psychosocial needs
[57]. Finally, people are dying or experiencing bereavement in
isolation at higher rates in the wake of the pandemic [58,59],
emphasizing the need for creative palliative care solutions,
including better access to PCEOL information and resources
for individuals with serious illness and their loved ones.
Nearly all the portals included in this review focused on quality
of life, symptom management, or ACP education or completion
of advance directives. ACP may be better leveraged through
patient portals than other resource types given its more limited
J Med Internet Res 2021 | vol. 23 | iss. 9 | e28797 | p.897
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and specific goal than some of the more complex and nuanced
needs and components inherent in PCEOL care. Similarly,
PROMIS tools and other electronic mechanisms for
patient-reported outcomes are well suited for patient portals.

solutions tailored to and especially suited to the needs of older
patients [68]. Future research on PCEOL patient portal
development, use, and acceptability should explicitly incorporate
older adult needs and feedback.

Although the legal and physical aspects are essential pieces of
quality and holistic PCEOL services, equally important are the
psychological and spiritual aspects, as well as end-of-life
education around hospice. Only two of the portals reviewed
focused on the psychological needs of patients with serious
illness [47,49]. None of the portals included in the review
offered features addressing grief and bereavement or information
about hospice or comfort care. Despite the evidence supporting
the benefits of hospice care [60-62], lack of information and
understanding remains one of the most common barriers to
hospice use [63-65]. Furthermore, bereaved individuals and
families often benefit from educational resources related to the
grief process [66]. Future research and development on portal
tools for patients with serious illness and their family members
should emphasize psychological and spiritual PCEOL domains
and consider tools and educational resources regarding grief,
bereavement, and hospice.

Limitations

It is important to emphasize the special consideration of older
adult patients with serious illness and patient portal tool
development, availability, and adoption among PCEOL
populations. In total, 80% of older adults in the United States
have one or more chronic conditions, many of which can lead
to serious illness [9]. As the older adult population continues
to grow, and subsequently the number of older adults
experiencing serious illness increases, the focus of patient
portals’ development and research must continue to include the
perspectives and needs of patients aged ≥65 years. Despite the
currently low adoption rate of portals by older patients and
caregivers, research demonstrates that there is an interest in
such tools among this group [37,67], an interest that might well
be addressed by improving the design and availability of

Conclusions

To the best of our knowledge, this scoping review is the first
to identify and describe patient portals that offer PCEOL
features. However, this is not without limitations. First, the
review only included results from academic literature and may
be missing commercially available portals that were developed
by industry without concurrent publication in the peer-reviewed
literature. In addition, we did not evaluate the full text of articles
in which we were unable to retrieve access, potentially
overlooking additional PCEOL patient portal resources.
Although some of the articles described the efficacy on clinically
meaningful outcomes, we did not address this information as it
was beyond the scope of our scoping view. Future research
should focus on the efficacy of such tools. Finally, this review
had a small sample size of articles (n=19) covering 12 different
patient portals that are predominantly US based, potentially
limiting the results to a Westernized PCEOL perspective.

The scoping review highlighted an important gap in PCEOL
resources offered via patient portals linked to electronic health
records, as well as opportunities for leveraging patient portals
as a means of offering education and support for patients with
serious illness. The results suggest that there are ongoing efforts
to offer various PCEOL supports through patient portals,
particularly with a focus on ACP. However, our review resulted
in a small number of portals that met our criteria, of which
included only a few of the expansive elements of PCEOL care.
Future research and development of patient portals would benefit
from offering comprehensive PCEOL features to increase access
and education for patients experiencing serious illness.
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Abstract
Background: Health care personnel’s (HCP) engagement in patient portal implementation is necessary in embedding the use
of the portal in everyday practices of a health care organization. While portal implementation may raise personnel’s positive
expectations of the benefits in patient care, it is often also stressful for them due to increased workloads and disruptions in clinical
workflows. An understanding of social and technical factors that build personnel’s support for patient portal implementation and
alleviate their eHealth-related stress is therefore needed to realize the full potential of portals.
Objective: The aim of this study was to explore the influence of managerial implementation practices, information technology
(IT) usability, and personnel’s eHealth competences on support for patient portal implementation and eHealth-related stress
among primary HCP.
Methods: The data were collected through a survey of 919 members at 2 health organizations in Finland. Linear and logistic
regression models were fitted to study the associations between the variables.
Results: Professionals’ eHealth competence (β=.15, P<.001), usability (β=.11, P<.001), and implementation practices (β=.07,
P<.001) were positively associated with professionals’ support and negatively associated with professionals eHealth-related stress
(β=−.07, P=.010; β=−.27, P<.001; and β=−.14, P<.001, respectively). Professionals’ support was associated with their promotion
of the portal to the patients (odds ratio 1.22, 95% CI 1.07-1.40).
Conclusions: The adoption of appropriate implementation practices and the usability of the technology can build personnel’s
support for a patient portal and alleviate their stress related to eHealth. Personnel’s support is manifested in their promotion of
the portal to patients. Health care managers are encouraged to consider the usability of the technology and the good implementation
practices, such as proper informing, engagement of the personnel in planning the services, and allocation of resources to improve
eHealth competence, as prerequisites for meaningful and sustainable use of patient portals.
(J Med Internet Res 2021;23(9):e28976) doi:10.2196/28976
KEYWORDS
patient portal; implementation; adoption; health care personnel; eHealth-related stress

Introduction
Background
Patient portals provide online access to personal health
information and interactions with health care providers. Thus,
https://www.jmir.org/2021/9/e28976
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they can support patient self-management and enhance shared
decision making [1-3]. However, as a precondition to the
benefits of patient portals, studies have emphasized the
importance of substantial initial investments required of health
care organizations in the implementation [4-6]. Management
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must embed the use of portals in daily clinical practice to support
their meaningful and sustained use [6]. Success of the
implementation ultimately relies on how the health care
personnel (HCP), together with the patients, use the portal [6,7].
HCP’s effort in making sense of the portal utility together with
colleagues and patients is necessary for the normalization of
the use [7-9]. Local champions persuade their peers and patients
of the “professional appropriateness” of the new services [7].
While HCP’s endorsement of patient portals is critical for the
adoption and continued use by the patients [4,10,11], studies
[12,13], even in controlled pilot settings [14], have identified
the failure to engage frontline employees in the promotion of
digital tools.

personnel’s support for and promotion of the portal was
examined.

Management and technical factors may explain inadequate
engagement among personnel. Poor managerial practices [15,16]
and technical difficulties [4,10] have been shown to inhibit
health care professionals’ support. By contrast, good usability
[6,15,17] and implementation practices, such as involving
personnel in planning [18], and supporting the effective use of
portals in clinical work [5,19-21], are essential to the successful
adoption of health information technology (HIT). A study of
the preimplementation phase of a patient portal found an
association between health care professionals’ expectations of
their organization’s implementation practices and their support
for the portal [15]. However, little is known about this
association in the postimplementation phase or whether
personnel’s support for the portal is manifested in their
collaborations with patients.

H1: HCP’s positive perception of the implementation
practices in their unit is positively associated with
their support for a patient portal.
Studies have shown associations between HCP’s perception of
HIT usability and their acceptance of the technology [33-35].
Therefore, we hypothesize:

Most studies have discussed the opportunities provided by
patient portals; however, few have focused on their adverse
effects on personnel and their work. The adoption of new
information technology (IT) has raised concerns among health
care professionals regarding increased workloads and disrupted
clinical workflows [22,23]. A recent study in Finland found that
poorly functioning, time-consuming, and inadequate information
systems have emerged as a significant source of stress in HCP’s
work, and that stress related to information systems had
increased between 2006 and 2015 [24]. Stress has been
described to appear in a relationship between a person and the
environment that is appraised as important for an individual but
exceeds their coping resources [25]. While excessive stress
experienced by HCPs may lead to decrease in their well-being,
dissatisfaction at work, and even intent to leave the organization
[26], the upward trend in HIT-related stress raises concerns
about the sustainability of the health care system. HIT usability
deficiencies have been associated with HCP’s high stress related
to information systems [27] and general self-rated stress [28].
However, little is known about the influence of the
implementation practices of HIT on personnel’s eHealth-related
stress.
Building on recent sociotechnical research on the technical and
organizational factors in successful HIT adoption and use
[7,29-31], this study investigated the associations of (1) HCP’s
perception of organizational implementation practices and (2)
patient portal usability with their support for the technology
and their eHealth-related stress. Moreover, to identify the
possible manifestation of HCP’s support through their
interactions with the patients, the association between
https://www.jmir.org/2021/9/e28976
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Research Model
Organizational practices surrounding health technology
implementation can be determinative of personnel’s successful
adoption. Such practices include proper informing of the new
services before implementation [15,32], engagement of the
personnel in planning [15], adequate training [19-21], and
enough time for learning [18]. Expectations of good
implementation practices have been found to be associated with
health care professionals’ support for eHealth in the
preimplementation phase [15]. Therefore, we hypothesize that:

H2: Usability is positively associated with HCP’s
support for a patient portal.
Usability has been shown to relate to the skills needed to use a
new technology [33,36]. Therefore, we also propose that
personnel’s eHealth skills are associated with their support for
the portal. In order to use eHealth in a meaningful way,
personnel need new competences, not only in computer skills
and literacy but also in the application of HIT in patient
interactions, and the promotion of the technology to facilitate
patient self-management [10,37]. Our hypothesis is:
H3: HCP’s self-rated eHealth competences are
positively associated with their support for a patient
portal.
HCP’s endorsement has been deemed essential to patients’
adoption and continued use of digital health tools [10,11].
Personnel who support a portal might be more likely to promote
its use to their patients. We therefore hypothesize:
H4: HCP’s support for patient portal is positively
associated with their promotion of the portal to
patients.
Studies have identified HIT usability problems that disrupt
HCP’s routine work [38]. Usability issues have been associated
with elevated stress related to information systems, which might
be alleviated by experience in using the technology [24,27].
Therefore, we hypothesize the following:
H5: Usability is negatively associated with HCP’s
eHealth-related stress and
H6: HCP’s self-rated eHealth competence is
negatively associated with their eHealth-related
stress.
In addition to personnel’s competences, organizational practices
in the development and implementation, such as end-user
involvement in system development and work-procedure
planning, have been suggested as potential alleviators of
IT-related stress [24]. We hypothesize that:
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H7: HCP’s positive perception of the implementation
practices in their unit is negatively associated with
HCP’s eHealth-related stress.

Methods
Study Setting
The survey study was conducted in 2 Finnish regional health
and social care authorities (Organizations A and B) in 2017.
Both authorities are public social and health care providers
serving populations of approximately 100,000 (Organization
A) and 40,000 (Organization B). At the time of the survey, the
organizations had already implemented eHealth services, and
aimed to increase their usage.
The functionalities of the patient portals in both organizations
were online appointment booking, access to personal medical
records, patient-reported medical history, and electronic
messaging with HCP. In Organization A, digital symptom
questionnaires, self-management instructions, and remote health
care appointments had recently become available to certain
patient groups. In both organizations, different functionalities
had been gradually adopted over the 13 years preceding the
survey; however, the pace had accelerated during the preceding
5 years.
An invitation to the online survey was sent to HCP via work
email. The survey was also introduced on the health and social
care authorities’ intranet news page. No exclusion of a subgroup
of employees was applied. Participation was anonymous;
however, the respondents had an opportunity to win movie
tickets and 2 wireless computer mice. The study protocol was
reviewed and approved by Aalto University’s Ethical Review
Board.

Questionnaire
The questionnaire contained questions about demographics,
support for the patient portal implemented by the regional health
and social care authority, self-perceived eHealth competences,
and HIT implementation practices in the respondent’s unit.
Personnel were also asked about usability and stress related to
IT and the patient portal (Multimedia Appendix 1). All items,
except those related to demographics and stress measurement,
were answered on a 5-point Likert scale ranging from 1 (fully
disagree) to 4 (fully agree), with the fifth option (don’t know)
omitted from the analysis.
eHealth competences were assessed with 8 statements from a
previously used scale [37] encompassing the use of eHealth
tools in the personnel’s work. The use of the recommended
implementation practices was assessed through 4 previously
used items [15,39] regarding the resources and information
given to the personnel for adopting new services and
opportunities to participate in the planning of new services.
Personnel’s support for the patient portal was measured with
5 items from the previously validated I-SEE questionnaire
[15,39-41]. The items address a respondent’s personal and
perceived collective support by colleagues and supervisors for
the patient portal implementation.
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IT usability was measured with 4 items as in our previous study
[15]. We used 3 items from the Usability Metric for User
Experience (UMUX) scale concerning utility, ease of use, and
frustration related to the IT [42], and added a fourth item on
general user satisfaction. A previously used measure [43-45]
was used to assess eHealth- and information systems–related
stress. This measure has been developed in Finland when
examining the health and well-being of physicians [24,44]. It
has previously been associated with, for example, experience
in using information systems, cognitive workload, distress, and
electronic health record usability [27,44]. The participants were
asked how often during the previous 3 months they had been
distracted by, worried about, or stressed about information
systems, or IT equipment or software. A third item about stress
related to the patient portal (eHealth services) was added to
satisfy the scope of the study. The answers were rated on a
5-point Likert scale ranging from 1 (never) to 5 (very often).
To assess the frequency of HCP’s promotion of the portal to
patients, the participants were asked to choose one of the
following options: “never,” “1-4 times,” “5-9 times,” and “10
or more times.” Because of the small proportion of responses
in the categories other than “never,” the 3 other response
categories were combined to create a variable related to the
promotion of the portal to a patient at least once (Yes/No).

Statistical Analysis
Descriptive statistics and reliability analyses were performed
and mean sum scores were computed for all study variables
(Table 1 and Multimedia Appendix 2). The scale reliabilities
(Cronbach α) of the Likert scale measures were all over .70,
and therefore at an acceptable level [46]. Although the lowest
reliability of .71 for eHealth-related stress was not very high,
it can still be considered acceptable due to its very short length
with only 3 items [47]. The hypotheses were tested through
regression analysis. Two linear regression models were fitted
with (1) personnel’s support for the patient portal and (2) their
eHealth-related stress as the dependent variable. Usability,
eHealth competence, eHealth-related stress, age, gender, work
experience, and organization (Organization A or B) were the
independent variables. A logistic regression model was fitted
to assess the association between personnel’s support for the
portal and their promotion of the portal to patients. The model
was adjusted for age, gender, work experience, and profession.
We fitted the models stepwise and report estimates from the
univariate models, multivariate model with independent
variables of interest only, and multivariate model with
adjustments. To test for multicollinearity, the variance inflation
factors were calculated for the regression variables. All the
variance inflation factors were lower than 1.7, thus indicating
that multicollinearity was not a concern [48].

Results
Respondents
A majority of the respondents were women (800/919, 87.1%)
and nurses or assistant nurses (589/919, 64.1%) with an average
age of 44 years (SD 11.7) and 11.6 years (SD 10.2) of work
experience in their current duties. The other personnel were
secretaries, social workers, doctors, and psychologists or other
J Med Internet Res 2021 | vol. 23 | iss. 9 | e28976 | p.905
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therapists (Table 1). The 919 respondents comprised
approximately 20% of all health and social care personnel in
the target organizations. The respondents well represented the

Hörhammer et al
Finnish health and social care professionals in terms of gender
and age.

Table 1. Descriptive characteristics of participants (N=919).
Characteristic

Value

Gender, n (%)
Man

98 (10.7)

Woman

800 (87.1)

Not reported

21 (2.3)

Age in years, mean (SD)

44.6 (11.7)

Profession, n (%)
Nurse/midwife/public health nurse

310 (33.7)

Assistant/other nurse

279 (30.4)

Social worker

61 (6.6)

Ward/department secretary

55 (6.0)

Doctor/dentist

52 (5.7)

Psychologist/physiotherapist and other therapist

51 (5.6)

Administrator

45 (4.9)

Maintenance and technical support

41 (4.5)

Dental nurse or hygienist

13 (1.4)

Other

12 (1.3)

Organization, n (%)
A

209 (22.7)

B

710 (77.3)

Years of work experience in similar tasks, mean (SD)

11.6 (10.2)

Has promoted the portal to a patient, n (%)
Yes

391 (42.5)

No

528 (57.5)

Factors Associated With Support for the Portal
Implementation
The results of the regression analysis (Table 2) revealed
associations between the independent variables and the
personnel’s support for the patient portal. Thus, Hypotheses 1-3
were supported. The results of the univariate linear regression
models (not shown in Table 2) indicated that the personnel’s
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perceptions of their units’ implementation practices (β=.12,
P<.001), usability of eHealth tools (β=.20, P<.001), and their
eHealth-related competence (β=.21, P<.001) were positively
associated with their support. These variables together explained
17% of the variation in the support for the portal (Model A).
The associations persisted after adjustments for age, gender,
work experience, organization, and profession (Model B).
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Table 2. Linear regression results showing association between independent variables and health care personnel’s support for patient portal.
Variables

Model B

β (standard error)

P value

β (standard error)

P value

Implementation practices

.07 (0.02)

<.001

.06 (0.02)

.003

Usability

.11 (0.02)

<.001

.10 (0.02)

<.001

eHealth competence

.15 (0.02)

<.001

.15 (0.02)

<.001

Age

—a

—

.04 (0.03)

.12

Gender (Category reference: Man)

—

—

–.07 (0.07)

.26

Work experience

—

—

–.04 (0.02)

.13

Organization (Category reference: A)

—

—

–.12 (0.05)

.01

Profession (Category reference: nurse/midwife/public health nurse)

—

—

Assistant/other nurse

–.01 (0.05)

.79

Ward/department secretary

–.04 (0.09)

.66

Social worker

–.03 (0.09)

.77

Doctor/dentist

.10 (0.10)

.33

Psychologist/physio and other therapist

.09 (0.09)

.30

Maintenance and technical support

–.17 (0.11)

.12

Administrator

.15 (0.08)

.06

Dental nurse or hygienist

.10 (0.14)

.45

Other

–.06 (0.13)

.67

0.17

—

R
a

Model A

2

0.17

—

Not available.

The Association Between Support and Promotion to
the Patients
Table 3 presents the results of the logistic regression regarding
the association between personnel’s support for and promotion
of the portal to patients. Hypothesis 4 was supported. The
personnel’s support was positively associated with their
promotion of the portal, and the association persisted after
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adjusting for age, gender, work experience, organization, and
profession. The odds ratio regarding support for the portal was
1.18 after adjustments. This suggests that 1 SD improvement
in support was associated with an 18% increase in the likelihood
of promoting the portal to patients. Assistant nurses, social
workers, doctors, and therapists were less likely to have
promoted the portal to patients than were nurses.
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Table 3. Logistic regression results showing predictors of promotion of the portal to patients, odds ratios, and 95% CIs.a
Predictors

Model B

Odds ratio (95% CI)

P value

Odds ratio (95% CI)

P value

Support for patient portal

1.22 (1.07-1.40)

.004

1.18 (1.02-1.38)

.03

Age

—b

—

1.13 (0.94-1.36)

.19

Gender

—

—

Man

1

—

Woman

1.02 (0.63-1.65)

.95

1.01 (0.84-1.21)

.90

A

1

—

B

0.48 (0.34-0.68)

<.001

Nurse/midwife/public health nurse

1

—

Assistant/other nurse

0.22 (0.15-0.32)

<.001

Ward/department secretary

0.80 (0.43-1.48)

.48

Social worker

0.41 (0.23-0.75)

.004

Doctor/dentist

0.32 (0.16-0.62)

.001

Psychologist/physiotherapist and other therapist

0.31 (0.16-0.61)

.001

Maintenance and technical support

0.35 (0.17-0.73)

.005

Administrator

0.54 (0.27-1.06)

.07

Dental nurse or hygienist

1.39 (0.41-4.71)

.60

Other

0.60 (0.16-2.94)

.44

Work experience

—

—

Organization

—

—

Profession

a

Model A

—

—

Continuous variables were used as continuous standardized variables.

b

Not available.

The Factors Associated With Personnel’s
eHealth-Related Stress
The regression results (Table 4) revealed the associations
between the independent variables and the personnel’s
eHealth-related stress. Hypotheses 5-7 were supported. The
results of the univariate models indicated that the personnel’s
positive perceptions of their units’ implementation practices
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(β=−.22, P<.001), IT usability (β=−.35, P<.001), and their
eHealth-related competence (β=.21, P<.001) were associated
with lower levels of eHealth-related stress. These variables
explained 23% of the variance in eHealth-related stress (Model
A). The associations persisted after adjustments (Model B).
Older age was significantly associated with higher
eHealth-related stress (P=.01).
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Table 4. Regression results presenting association between independent variables and personnel’s eHealth-related stress.
Model A
β (standard error)

P value

β (standard error)

P value

Implementation practices

–.14 (0.03)

<.001

–.14 (0.03)

<.001

Usability

–.27 (0.03)

<.001

–.28 (0.03)

<.001

eHealth competence

–.07 (0.03)

.010

–.06 (0.03)

.02

Age

—a

—

.08 (0.03)

.01

Gender (Category reference: Man)

—

—

–.01 (0.08)

.94

Work experience

—

—

.03 (0.03)

.34

Organization (Category reference: A)

—

—

.09 (0.06)

.12

Profession (Category reference: nurse/midwife/public health nurse)

—

—

Assistant/other nurse

–.02 (0.06)

.71

Ward/department secretary

.08 (0.11)

.48

Social worker

–.21 (0.11)

.07

Doctor/dentist

–.11 (0.10)

.30

Psychologist/physiotherapist and other therapist

–.32 (0.10)

.002

Maintenance and technical support

.06 (0.11)

.59

Administrator

–.15 (0.14)

.29

Dental nurse or hygienist

–.29 (0.17)

.09

Other

–.24 (0.22)

.27

.27

—

R
a

Model B

2

.22

—

Not available.

Discussion
Principal Findings
Successful implementation of patient portals depends on HCP’s
adoption of the portals in their daily work routines. This survey
study among primary HCP set out to explore the factors
associated with their support for a patient portal and the adverse
effect of the portal on HCP in terms of increased eHealth-related
stress.
In this survey study with a representative and rather large sample
of responses (n=919) from the primary care personnel, we found
support for all of our 7 hypotheses. First, in line with a previous
study from the preimplementation phase of a patient portal [15],
we found that HCP’s perception of the good implementation
practices in their unit was associated with their high support for
the patient portal. Second, consistent with several previous
findings [33-35], an association between good usability and
portal support was found.
Third, we found a positive association between HCP’s eHealth
competence and their support for the patient portal. We are not
aware of previous evidence on this association in the eHealth
context. However, in the context of quality improvement in
health care, Damush and colleagues [49] found that
professionals’ confidence in their ability to perform behaviors
required in the new practice was crucial for their acceptance of
the improvement.
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Fourth, this study shows an association between HCP’s support
and their endorsement of the portal to the patients. Previous
studies have elaborated on a plethora of factors that inhibit and
facilitate professionals’ endorsement [10,50]. However, this
study is to our knowledge the first to show quantitative evidence
of the association between professionals’ support for the portal
and their endorsement of it to patients.
Fifth, in this study, good usability and high self-rated eHealth
competence were found to alleviate eHealth-related stress. This
is in line with previous studies showing that usability issues
increase stress related to information systems, and that these
issues may be alleviated by experience in using the technology
[24,25].
Finally, we found that, in addition to good usability and high
eHealth competence, HCP’s perception of good implementation
practices applied in their unit alleviate HCP’s eHealth-related
stress. To our knowledge, this association has not been examined
before in the eHealth context. Similar associations between
implementation practices and employee stress concerning new
technology have, however, been found in other organizational
contexts [51,52].

Strengths and Limitations
This study contributes to the research on patient portals by
providing quantitative evidence of the roles of (1) managerial
practices in the successful implementation, and (2) HCP’s
support toward a patient portal. First, studies on good eHealth
implementation practices have relied mainly on qualitative
J Med Internet Res 2021 | vol. 23 | iss. 9 | e28976 | p.909
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evidence [19]. This study aimed to quantify the influence of
these practices. While the association between good
implementation practices and HCP’s support for eHealth
services has been shown before [15], this study suggests that
the same practices may also alleviate eHealth-related stress
experienced by the personnel. Second, HCP’s positive attitude
toward the patient portal was measured with items reflecting
respondent’s personal and perceived collective support for new
HIT. This concept of user’s positive attitude is not limited to
the act of using specific features of the portal but extends to the
attitudes toward broader and longer-term changes that the
implementation is perceived to entail. We propose that this
concept is well-suited to depict HCP’s attitudes in a context
where the solution is not expected to remain unchanged but
rather to be iteratively developed and molded in a social process
to serve the purposes shared by the user, co-workers, and
supervisors.
The limitations of this study are related to the cross-sectional,
single-informant design, and omission of likely influential
contextual factors in the regression models. First, this study
relied on self-reported measures. This could lead to problems
associated with common method variance and the inflation of
the strength of relationships. To minimize the problems with
self-reports, measures that exhibited good reliability in previous
studies were applied. Second, as we wanted to keep the
questionnaire at a suitable length, we were not able to include
all relevant contextual factors in our analysis. This is a limitation
especially in our model predicting professional support, in which
relatively low proportion of variance (17%) could be explained.
In particular, the survey did not include questions on the
perceived usefulness of the patient portal. Although the
functionalities in the studied patient portals were similar to those
adopted by other Finnish health care organizations and
represented well the functionalities that patients consider useful
[48,49], it is possible that personnel’s perceptions of their utility
in patient care varies. Studies show that clinicians’ perceptions
of HIT utility in terms of improvements in patient care and
personnel’s work are among the most important factors in their
support [32,50].

Hörhammer et al
The data for this study were collected in 2017. In the field of
fast developing eHealth, a delay in reporting the findings on a
specific technological application may compromise the
timeliness of the observations [53]. However, issues related to
users’ adoption of new IT seem to persist over time in the
different contexts of technological applications. For example,
in Finland, health care professionals’ stress related to
information systems has been shown to increase over time
regardless of the changes in the applications [44]. We therefore
maintain that our findings on the factors that contribute to
professionals’ support and stress related to eHealth endure over
time and can be generalized to adoption and use of patient
portals with different features than what was studied here.

Practical Implications
The findings of this study have several implications for health
care managers and frontline leaders. In order to build HCP
support and alleviate employees’ stress related to new HIT,
management needs to ensure good usability of eHealth tools,
engage personnel in the planning, and provide adequate
information on the tools and resources to normalize their use
in the daily practices. In the procurement of new HIT, managers
are encouraged to acknowledge the proper implementation as
a prerequisite for meaningful use. The findings call for careful
consideration of the resources needed in the adoption and
maintenance phases to balance the investments required and
the pace of adoption of new HIT. Experiences beyond the health
care industry show that the investments in the implementation
and normalization of new HIT are often overlooked in the
procurement of new HIT [54].

Conclusions
This survey study suggests that health care organizations’
implementation practices and good usability have a twofold
impact on meaningful and sustainable use of patient portals:
first, health care professionals’ stress is relieved, and second,
their support for the patient portal increases. Higher support is
manifested in professionals’ increased endorsement of the portal
to the patients.
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Abstract
Background: Digital biomarkers (DB), as captured using sensors embedded in modern smart devices, are a promising technology
for home-based sign and symptom monitoring in Parkinson disease (PD).
Objective: Despite extensive application in recent studies, test-retest reliability and longitudinal stability of DB have not been
well addressed in this context. We utilized the large-scale m-Power data set to establish the test-retest reliability and longitudinal
stability of gait, balance, voice, and tapping tasks in an unsupervised and self-administered daily life setting in patients with PD
and healthy controls (HC).
Methods: Intraclass correlation coefficients were computed to estimate the test-retest reliability of features that also differentiate
between patients with PD and healthy volunteers. In addition, we tested for longitudinal stability of DB measures in PD and HC,
as well as for their sensitivity to PD medication effects.
Results: Among the features differing between PD and HC, only a few tapping and voice features had good to excellent test-retest
reliabilities and medium to large effect sizes. All other features performed poorly in this respect. Only a few features were sensitive
to medication effects. The longitudinal analyses revealed significant alterations over time across a variety of features and in
particular for the tapping task.
Conclusions: These results indicate the need for further development of more standardized, sensitive, and reliable DB for
application in self-administered remote studies in patients with PD. Motivational, learning, and other confounders may cause
variations in performance that need to be considered in DB longitudinal applications.
(J Med Internet Res 2021;23(9):e26608) doi:10.2196/26608
KEYWORDS
health sciences; medical research; biomarkers; diagnostic markers; neurological disorders; Parkinson disease; mobile phone

Introduction
Parkinson disease (PD) is primarily characterized by motor
signs and symptoms, including tremor at rest, rigidity, akinesia,
and postural instability [1]. Although standard in-clinic
assessments such as the Unified Parkinson's Disease Rating
https://www.jmir.org/2021/9/e26608

XSL• FO
RenderX

Scale (UPDRS) are popular, they are influenced by interrater
variability by relying on self-reporting by patients and caregivers
or clinicians’ judgement [2]. In addition, they are costly and
limited with respect to observation frequency.
The emergence of new technologies has led to a variety of
sensors (ie, acceleration, gyroscope, GPS, etc) embedded in
J Med Internet Res 2021 | vol. 23 | iss. 9 | e26608 | p.915
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smart devices for daily use (ie, smartphone, smartwatch). Such
sensor data, alongside other digital information recorded
passively or when executing prespecified tasks, may provide
valuable insight into health-related information. Such
applications are now commonly referred to as digital biomarkers
(DB) [3-5]. DB being collected frequently over a long period
of time can provide an objective, ecologically valid, and more
detailed understanding of the inter- and intra-individual
variability in disease manifestation in daily life.

search identifying 773 DB features reported in previous studies
to cover PD-related alterations in gait characteristics, tremor,
postural instability, voice, and finger dexterity. We evaluated
the longitudinal stability and test-retest reliability of these
features as collected using 4 commonly applied PD tasks (gait,
balance, voice, and tapping) in daily life using smartphone in
a large cohort of self-reported patients with PD and healthy
controls, the m-Power study [19-22]. In addition, we evaluated
their sensitivity to learning and medication effects.

Numerous DB have been proposed for PD diagnosis as well as
for assessing agreement between clinical rating scales such as
UPDRS and sensor-driven data to quantify disease severity or
intervention effects [4,6-9]. Despite these various proof of
concept studies, many technical challenges with respect to DB
deployment remain unaddressed. DB measures are prone to
large variation caused by technical and procedural differences,
including but not limited to placement/orientation, recording
frequency of the devices, and environmental and individual
variation (ie, due to motivation, medication, or other aspects)
[10-12]. Other factors such as the effect of users' familiarity
with technology and the impact of learning on the performance
of measured DB in remote and self-administered PD assessment
are other important sources of variation that have not been
addressed so far. All of these factors may limit the sensitivity
and reliability of DB measurements for any of the above PD
clinical applications. DB longitudinal variation is therefore an
important attribute that should be quantified and addressed. The
reliability of DB assessment has been broadly studied for gait,
balance, voice, and tapping data [13-18]. However, the existing
studies typically focused on a single or a few aspects of PD,
and most of them established the test-retest reliability in a
standardized clinical setting, limiting the translatability of their
findings to at-home applications. Among the studies that
evaluated DB assessments for remote monitoring of PD, only
one reported the test-retest reliability [4]. No PD studies
systematically evaluated the test-retest reliability and
longitudinal sensitivity of DB in a fully unsupervised and
self-administered PD longitudinal setting.

Enrolment in the m-Power study was open to adult participants
who own an iPhone, are living in the United States, and are
comfortable enough with English to read the instructions in the
app. Participants were asked to download the app and complete
a one-time demographic survey during registration.
Demographic data include but are not limited to age, sex, health
history, and previous PD clinical diagnosis. They also were
asked to fill out a survey with selected questions from the
UPDRS Section I (nonmotor experience) and Section II (motor
experience), as well as the Parkinson’s Disease Questionnaire
(PDQ-8). All the participants were suggested to complete each
task (walking, tapping, voice, and memory) up to 3 times a day
for up to 6 months. In addition, self-reported patients with PD
were asked to complete the task before medication, after
medication, and at another time when they were feeling at their
best.

Although various factors such as medication, disease severity,
learning effects, bias from self-reporting, inconsistent disease
severity, motivational impacts, and design protocols in
self-administered studies can affect the long-term stability of
DB, little attention has been paid to evaluating the reliability
and longitudinal stability of DB in loosely controlled
self-administered settings in daily life. Here, we aimed to
address these open questions by assessing the test-retest
reliability and longitudinal stability of gait, balance, speech,
and tapping tasks in patients with PD and a control cohort
consisting of healthy volunteers (HC) in an unsupervised and
self-administered daily life setting using the large-scale m-Power
data set [19].

Methods
Study Cohort
To address the open questions on the performance of DB
measures in PD when collected in a self-administered setting
in daily life, we first performed a comprehensive literature
https://www.jmir.org/2021/9/e26608
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Ethical oversight of the m-Power study was obtained from the
Western Institutional Review Board. Prior to signing an
electronically rendered traditional informed consent form,
prospective participants had to pass a 5-question quiz evaluating
their understanding of the study aims, participant rights, and
data sharing options. After completing the e-consent process
and electronically signing the informed consent form,
participants were asked for an email address to which their
signed consent form was sent and allowing for verification of
their enrolment in the study. Participants were given the option
to share their data only with the m-Power study team and
partners (“share narrowly”) or to share their data more broadly
with qualified researchers worldwide, and they had to make an
active choice to complete the consent process (no default choice
was presented). The data used in our study consist of all
individuals who chose to have their data shared broadly.

Data Preprocessing
The m-Power data set is assessed outside of a clinical
environment with limited quality control and supervision. All
information, including the health history, disease diagnosis,
duration, treatment, and survey outcomes, are self-reported. To
address these, we excluded participants who did not specify
their age, sex, and information on professional diagnosis (if
they belong to the PD or HC group) and those with empty, null,
or corrupted files. The participants are assigned to the PD or
HC group according to their response to the question “Have
you been diagnosed by a medical professional with Parkinson
disease?” There was a significant difference in the age and sex
distribution between HC and PD groups. Particularly, age
slanted toward younger and male individuals in HC. To reduce
the impact of age, we restricted the age range for our analysis
to between 35 and 75 years. The demographic details are
J Med Internet Res 2021 | vol. 23 | iss. 9 | e26608 | p.916
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steps is displayed in Figure 1A.

Figure 1. Overview of statistical analyses and the preprocessing scheme. (A) Flowchart of preprocessing steps. (B) Flowchart of statistical analyses.
(C) Flowchart of number of features at each selection step. HC: healthy controls; ICC: intraclass correlation coefficients; PD: Parkinson disease;
rm-ANOVA: repeated-measures analysis of variance.
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Table 1. Characteristics of study cohorts after data cleaning.
Characteristic

Gait

Balance

Voice

Tapping

HCa

PDb

HC

PD

HC

PD

HC

PD

655

399

668

401

1042

571

1370

630

152

211

155

211

249

322

304

340

Age (years), mean (SD)

49 (10.60)

60.3 (8.90)

48.9 (10.70)

60.3 (8.90)

47.7 (10.40)

60.1 (9)

46.9 (10.1)

59.9 (9)

UPDRS,d mean (SD)

N/Ae

12.60 (7.11)

N/A

12.53 (7.07)

N/A

12.58 (7.70)

N/A

12.54 (7.73)

UPDRS I, mean (SD)

N/A

4.90 (3.12)

N/A

4.9 (3.11)

N/A

4.93 (3.25)

N/A

4.95 (3.27)

UPDRS II, mean (SD)

N/A

7.76 (5.41)

N/A

7.7 (5.40)

N/A

7.61 (5.70)

N/A

7.56 (5.70)

PDQ-8,f mean (SD)

N/A

5.13 (4.72)

N/A

7.07 (4.70)

N/A

5.28 (5.01)

N/A

5.3 (4.96)

Sex,c n
Male
Female
c

a

HC: healthy controls.

b

PD: Parkinson disease.

c

P<.001 (two-sample, two-tailed t test for age and chi-square test for sex with 95% confidence) for all tasks.

d

UPDRS: Unified Parkinson's Disease Rating Scale.

e

N/A: not applicable.

f

PDQ: Parkinson’s Disease Questionnaire.

Feature Extraction
To identify features that are commonly used for the walking,
voice, and tapping tasks for PD applications, we performed a
comprehensive literature search in PubMed with the following
terms: ((Parkinson's disease) AND (walking OR gait OR balance
OR voice OR tapping) AND (wearables OR smartphones)).
Based on this search, we identified a total of 773 features related
to gait (N=423), balance (N=183), finger dexterity (N=43), and
speech impairment (N=124). All of these features were
computed for the m-Power study [23]. A detailed explanation
of the extracted features, including the respective references, is
provided in Tables S1-S4 in Multimedia Appendix 1. For
features sharing the same variance (high pairwise correlation:
Spearman ρ>0.95), only one of the features was selected
randomly for further analyses to reduce the amount of redundant
information for each task. Figure 1C summarizes the feature
extraction process and the number of features at each selection
step.

Gait and Balance
Impairments in gait speed, stride length, and stride time
variability are common changes that are linked to PD [24-27].
Instability in postural balance is also considered to be one of
the well-reported characteristics associated with PD [15,28-30].
Both were assessed by a walking task. The gait part consisted
of 20 steps walking in a straight line, followed by the balance
part of a 30-second stay still period. Given a heterogeneity of
gait signal lengths across participants, we used a fixed length
signal of 10 seconds and selected data from participants who
met this criterion, which resulted in 28,150 records from 1417
unique participants. In addition to the accelerometer signals (x,
y, and z), their average, the step series, position along the three
axes by double integration, and velocity and acceleration along
the path were used for feature extraction [31,32] (Table S1 in
Multimedia Appendix 1). For balance, we used a 15-second
https://www.jmir.org/2021/9/e26608
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time window, trimming the first 5 and the last 10 seconds of
the 30-second records to reduce the noise due to the
between-task transition period, resulting in 29,050 records from
1435 unique participants. Feature extraction covered signals
related to tremor acceleration predicted to fall in the 4-7 Hz
band and postural acceleration (nontremor) falling in the 0-3.5
Hz band [33] (Table S2 in Multimedia Appendix 1).

Voice
PD may also affect breathing and results in alterations in speech
and voice. Reduced volume, hoarse quality, and vocal tremor
are commonly reported for PD using voice analysis [16,34,35].
In this task, participants said “aaaah” for about 10 seconds. For
voice, 49,676 records were selected, belonging to 2184 unique
participants. Voice features were computed from fundamental
frequency, amplitude, and period signals, trimming the first and
the last 2 seconds of the 10-second interval (Table S3 in
Multimedia Appendix 1).

Tapping
Impairment in finger dexterity is another sign associated with
PD [36,37]. In the m-Power study, participants were asked to
tap as fast as possible for 20 seconds with the index and middle
fingers on the screen of their phone (positioned on a flat
surface). Screen pixel coordinate (x, y) and timestamp of taped
points plus acceleration sensor data were collected for this task.
Overall, 55,894 recordings were selected, belonging to 2644
unique participants. Features were computed based on the
intertapping distance and interval (Table S4 in Multimedia
Appendix 1).

Statistical Analysis
For features to be considered usable for biomarker purposes in
longitudinal studies, several criteria are important, including
sensitivity to disease signs and symptoms, good test-retest
reliability, and robustness against the effects of learning and
J Med Internet Res 2021 | vol. 23 | iss. 9 | e26608 | p.918
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
other longitudinal confounders. To address these criteria, we
adopted a stepwise statistical procedure (see Figure 1B for a
summary of statistical analyses).
As DB measures are frequently not normally distributed,
Mann-Whitney U tests were used to identify all features that
significantly differ between PD and HC at the first
administration (baseline) (P<.05). Effect sizes (Cohen d) were
computed for these features to provide an estimate of the
magnitude of differentiation between PD and HC.
Next, intraclass correlation coefficients (ICC, type 1-1) were
used to determine the test-retest reliability of features showing
a significant differentiation between PD and HC. We used ICC
type 1-1 in our study because individuals were not tested under
the same conditions (ie, same device), and reliability was
determined from a single measurement. ICC values of 0-0.40
were considered to be poor, 0.40-0.59 to be fair, 0.60-0.74 to
be good, and 0.75-1.00 to be excellent [38]. To assess the
reliability of each feature, ICC values were computed for
different time points versus baseline (one hour [0-6 hours], one
day [calendric day], one week [7 calendric days], or one month
apart [30 calendric days]), as well as for different repeats versus
baseline (baseline vs second, third, fourth, and fifth repeat). We
then focused our analyses on the top 10 features (as they provide
a representative subset of the best performing features) with the
highest median ICC values for each group (PD, HC) and tested
for their longitudinal stability over time. Results for all features
are reported in Multimedia Appendix 1. Features from the PD
group are further referred to as “PD features,” those from the
HC group only as “HC features,” and overlapping features from
both groups as “common features.” We computed
repeated-measures analyses of variance (rm-ANOVA) using a
mixed factorial design with a between-subject factor diagnosis
and a within-subject factor repetition (first, second, third, fourth,
and fifth) including their interaction (Equation S1 in Multimedia
Appendix 1). Participants who had at least 4 repetitions after
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baseline (463 for gait, 597 for balance, 1085 for voice, and 1333
for tapping) were included in these analyses. To assess the
effects of age and sex on the longitudinal stability of the most
reliable features, we repeated all analyses while controlling for
age and sex as covariates (Equation S2 in Multimedia Appendix
1). Also, we assessed the impact of elapsed time between
repetitions by computing rm-ANOVA using a mixed factorial
design with a between-subject factor diagnosis and a
within-subject factor elapsed time (calculated as a time
difference of each repetition from the baseline in hours) and
controlling for age and sex (Equation S3 in Multimedia
Appendix 1).
Lastly, we assessed the impact of PD medication by computing
rm-ANOVA in the PD group with the within-subject factor
medication (ie, before, after, and at best) (Equation S4 in
Multimedia Appendix 1). Participants with PD who had at least
one marked task for each of the 3 PD medication conditions (ie,
before, after, and at best) were included in treatment effect
analysis (188 for gait, 189 for balance, 280 for voice, and 338
for tapping).

Results
Differentiation Between PD and HC
First, we aimed to restrict the test-retest reliability analyses of
the initial 773 features to those which significantly differ
between PD (N=610 to 970 depending on the task, Table 1) and
HC (N=807 to 1674). For this, we performed group comparisons
for all computed features for gait, balance, voice, and tapping
tasks. Overall, 66 out of 423 gait, 59 out of 183 balance, 60 out
of 124 voice, and 25 out of 43 tapping features differed
significantly (all Ps<.05) between PD and HC at baseline (Figure
1C) with small (gait and balance) to medium effect sizes for
gait, balance, and voice and small to large effect sizes for the
tapping task (Figure 2 and Tables S5-S8 in Multimedia
Appendix 1).
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Figure 2. Effect size (Cohen d) for the most reliable features in the Parkinson disease and healthy control groups selected from different time points
and repetitions. a: accelerometer average signal; iqr: interquartile range; min: minimum value; PeakEnerg: peak of energy; x: accelerometer mediolateral
signal; y: accelerometer vertical signal; z: accelerometer anteroposterior signal. (A) Gait task. cov: coefficient of variation; FB: freezing band; frec_peak:
frequency at the peak of energy; FreezeInd: freeze index; kur: kurtosis; LB: locomotor band; MSI: mean stride interval; RatioPower: sum of the power
in the freezing and locomotor band; skew: skewness; zcr: zero-crossing rate. (B) Balance task. buttonNoneFreq: frequency of tapping outside the button;
CFREQ: centroidal frequency; F50: frequency containing 50% of total power; FRQD: frequency of dispersion of the power spectrum; HF: high frequency
(>4 Hz); LF: low frequency (0.15-3.5 Hz); MF: medium frequency (4-7 Hz); post: postural; Power: energy between 3.5-15 Hz; RHL: ratio between
power in high frequency and low frequency; rms: root mean square; TotalPower: energy between 15-3.5 Hz; trem: tremor; VHF: very high frequency
(>7 Hz). (C) Voice task. c_mean: mean of the MFCC; gqc: glottis quotient close; log: energy of the signal and the first and second derivatives of the
MFCC; MFCC: Mel-frequency cepstral coefficients; p95: 95th percentile; shbd: shimmer. (D) Tapping task. corXY: correlation of X and Y positions;
cv: coefficient; DriftLeft: left drift; DriftRight: right drift; mad: median absolute deviation; numberTaps: number of taps; sd: standard deviation; TapInter:
tap interval.

Test-Retest Reliability
Next, we identified the top 10 features with highest median
test-retest reliability (as measured using ICC) separately for PD
and HC across different time points (one hour, one day, one
week, or one month apart) and repetitions (all participants with
5 repetitions of the task) (Tables S5-S8 in Multimedia Appendix
1, Figure 1B). This procedure resulted in 12 to 15 features
(including shared ones) being selected for each task (Figure 3,
Figures S1 and S2 in Multimedia Appendix 1). ICC analyses
revealed poor to good test-retest reliability for these most
reliable features from the gait and balance tasks and good to
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excellent reliability for features from voice and tapping tasks
(Figure 3). The average ICC across the best performing features
selected from different repetitions was lower at the fifth
repetition compared to the first; it dropped from 0.11 to 0.09
for gait, from 0.21 to 0.13 for balance, from 0.39 to 0.24 for
voice, and from 0.3 to 0.23 for tapping. The average ICC across
the best performing features selected from different time points
was also lower at one month compared to one hour apart,
decreasing from 0.13 to 0.07 for gait, from 0.2 to 0.12 for
balance, from 0.33 to 0.26 for voice, and from 0.32 to 0.19 for
tapping.

J Med Internet Res 2021 | vol. 23 | iss. 9 | e26608 | p.920
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Sahandi Far et al

Figure 3. Median ICC values for the most reliable features in the Parkinson disease and healthy control groups. a: accelerometer average signal; ICC:
intraclass correlation coefficient; iqr: interquartile range; min: minimum value; PeakEnerg: peak of energy; x: accelerometer mediolateral signal; y:
accelerometer vertical signal; z: accelerometer anteroposterior signal. (A) Median ICC values across different time points for the best performing
features. (B) Median ICC values across different repetitions for the best performing features. Gait task—cov: coefficient of variation; FB: freezing band;
frec_peak: frequency at the peak of energy; FreezeInd: freeze index; kur: kurtosis; LB: locomotor band; MSI: mean stride interval; RatioPower: sum
of the power in the freezing and locomotor band; skew: skewness; zcr: zero-crossing rate. Balance task—buttonNoneFreq: frequency of tapping outside
the button; CFREQ: centroidal frequency; F50: frequency containing 50% of total power; FRQD: frequency of dispersion of the power spectrum; HF:
high frequency (>4 Hz); LF: low frequency (0.15-3.5 Hz); MF: medium frequency (4-7 Hz); post: postural; Power: energy between 3.5-15 Hz; RHL:
ratio between power in high frequency and low frequency; rms: root mean square; TotalPower: energy between 15-3.5 Hz; trem: tremor; VHF: very
high frequency (>7 Hz). Voice task—c_mean: mean of the MFCC; gqc: glottis quotient close; log: energy of the signal and the first and second derivatives
of the MFCC; MFCC: Mel-frequency cepstral coefficients; p95: 95th percentile; shbd: shimmer. Tapping task—corXY: correlation of X and Y positions;
cv: coefficient; DriftLeft: left drift; DriftRight: right drift; mad: median absolute deviation; numberTaps: number of taps; sd: standard deviation; TapInter:
tap interval.
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Repetition Effects
Next, we evaluated the longitudinal stability of these most
reliable features. Using rm-ANOVA, we tested for the main
effects of diagnosis, repetition (first, second, third, fourth, and
fifth), and their interaction (Figures 4 and 5, Tables S9 and
S10-S13 in Multimedia Appendix 1). A significant main effect
of diagnosis across all time points was observed for 6 out of 15
gait features, 11 out of 15 balance features, 8 out of 12 voice
features, and 11 out of 12 tapping features. A significant effect
of repetition was found for 8 out of 15 gait features, 8 out of 15
balance features, 4 out of 12 voice features, and 10 out of 12
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tapping features. A significant diagnosis-by-repetition
interaction effect was identified for 3 out of 15 gait features, 0
out of 15 balance features, 3 out of 12 voice features, and 9 out
of 12 tapping features. Further, we tested for the main effects
of the elapsed time between repetitions and its interaction with
diagnosis (Tables S18-S21 in Multimedia Appendix 1). A
significant main effect of elapsed time was observed for 1 out
of 15 gait features, 2 out of 15 balance features, 5 out of 12
voice features, and 5 out of 12 tapping features. A significant
diagnosis-by-time interaction effect was observed only in 1 out
of 15 balance features and 3 out of 12 tapping features.
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Figure 4. Mean value of the best performing baseline features across different time points, calculated for PD and HC separately. a: accelerometer
average signal; HC: healthy controls; iqr: interquartile range; min: minimum value; PD: Parkinson disease; PeakEnerg: peak of energy; x: accelerometer
mediolateral signal; y: accelerometer vertical signal; z: accelerometer anteroposterior signal. (A) Gait task. cov: coefficient of variation; FB: freezing
band; frec_peak: frequency at the peak of energy; FreezeInd: freeze index; LB: locomotor band; MSI: mean stride interval; RatioPower: sum of the
power in the freezing and locomotor band; skew: skewness; zcr: zero-crossing rate. (B) Balance task. buttonNoneFreq: frequency of tapping outside
the button; CFREQ: centroidal frequency; F50: frequency containing 50% of total power; FRQD: frequency of dispersion of the power spectrum; HF:
high frequency (>4 Hz); LF: low frequency (0.15-3.5 Hz); MF: medium frequency (4-7 Hz); post: postural; Power: energy between 3.5-15 Hz; RHL:
ratio between power in high frequency and low frequency; rms: root mean square; TotalPower: energy between 15-3.5 Hz; trem: tremor; VHF: very
high frequency (>7 Hz). (C) Voice task. c_mean: mean of the MFCC; gqc: glottis quotient close; log: energy of the signal and the first and second
derivatives of the MFCC; MFCC: Mel-frequency cepstral coefficients; p95: 95th percentile; shbd: shimmer. (D) Tapping task. corXY: correlation of
X and Y positions; cv: coefficient; DriftLeft: left drift; DriftRight: right drift; mad: median absolute deviation; numberTaps: number of taps; sd: standard
deviation; TapInter: tap interval.
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Figure 5. Mean value of the best performing baseline features across repetitions, calculated for PD and HC separately. a: accelerometer average signal;
HC: healthy controls; iqr: interquartile range; min: minimum value; PD: Parkinson disease; PeakEnerg: peak of energy; x: accelerometer mediolateral
signal; y: accelerometer vertical signal; z: accelerometer anteroposterior signal. (A) Gait task. cov: coefficient of variation; FB: freezing band; frec_peak:
frequency at the peak of energy; FreezeInd: freeze index; kur: kurtosis; LB: locomotor band; MSI: mean stride interval; RatioPower: sum of the power
in the freezing and locomotor band; skew: skewness; zcr: zero-crossing rate. (B) Balance task. buttonNoneFreq: frequency of tapping outside the button;
CFREQ: centroidal frequency; F50: frequency containing 50% of total power; FRQD: frequency of dispersion of the power spectrum; HF: high frequency
(>4 Hz); LF: low frequency (0.15-3.5 Hz); MF: medium frequency (4-7 Hz); post: postural; Power: energy between 3.5-15 Hz; RHL: ratio between
power in high frequency and low frequency; rms: root mean square; TotalPower: energy between 15-3.5 Hz; trem: tremor; VHF: very high frequency
(>7 Hz). (C) Voice task. c_mean: mean of the MFCC; gqc: glottis quotient close; log: energy of the signal and the first and second derivatives of the
MFCC; MFCC: Mel-frequency cepstral coefficients; p95: 95th percentile; shbd: shimmer. (D) Tapping task. corXY: correlation of X and Y positions;
cv: coefficient; DriftLeft: left drift; DriftRight: right drift; mad: median absolute deviation; numberTaps: number of taps; sd: standard deviation; TapInter:
tap interval.
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In an additional sensitivity analysis, we further tested if the
between-group differences and group-by-repetition interaction
remain significant when controlling for age and sex. The results
(Tables S14-S17 in Multimedia Appendix 1) show that a
significant effect of diagnosis was still identified for 2 out of 6
gait features, 8 out of 11 balance features, 1 out of 8 voice
features, and 10 out of 11 tapping features. A significant effect
of repetition was still found for 6 out of 8 gait features, 7 out
of 8 balance features, 3 out of 4 voice features, and 10 out of
10 tapping features. Also, a significant main effect of
diagnosis-by-repetition was still observed for 1 out of 3 gait
features, 1 out of 1 balance feature, and 8 out of 10 tapping
features.

Medication Effects
Lastly, we tested which of the most reliable features identified
above also display sensitivity to PD medication. For this we
compared the conditions reported by the patients as being before
PD medication, after PD medication, or at best. A significant
effect of PD medication was only observed for 2 out of 15 gait
features, 1 out of 15 balance features, 2 out of 12 voice features,
and 1 out of 12 tapping features (Figure S3, Tables S9 and
S10-S13, medication column, in Multimedia Appendix 1).

Discussion
Principal Findings
Here we assessed the longitudinal test-retest reliability and
stability of DB measures related to gait, balance, voice, and
finger dexterity impairments in PD. We found a wide range of
test-retest reliabilities across tasks and features ranging from
poor to excellent, with highest reliabilities observed for voice
followed by the tapping task. Only a few features had medium
to large effect sizes for differentiation between PD and HC. For
all tasks, a substantial percentage of features displayed
significant longitudinal alterations in their mean values over
time.
Overall, tapping and voice tasks revealed a better performance
compared to gait and balance tasks with respect to test-retest
reliability and observed effect sizes. Balance and gait tasks
displayed consistently poor test-retest reliabilities as well as
low effect sizes for differentiation between PD and HC, calling
into question their usability for home-based applications. In
contrast, best performing voice features displayed fair to
excellent test-retest reliabilities across repetitions but also over
weeks and months.
Unlike some previous studies that showed good performance
and moderate to excellent correlation of gait and balance features
with clinical score [4,39], the overall poor performance of these
tasks in the m-Power study may be explained by the nature of
these tasks, which requires strict supervision and monitoring.
Both may not be sufficiently achieved in the self-administered
setting of the m-Power study. Overall, acceleration-related
features in the gait task and tremor-related features and those
selected from frequency domain in the balance task displayed
the best performance for the respective task [23,40]. The features
related to Mel-frequency cepstral coefficients for the voice task
displayed the highest effect sizes for this task, which is in line
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with previous studies showing its ability in identifying
pathological speech [41,42]. In line with previous studies,
features related to intertapping interval and precision of the
tapping task (eg, number of taps, taps drift) displayed the best
performance among all [43,44].
Most features showed a decrease in test-retest reliability with
longer periods of time. This may reflect a consequence of the
repetition effects and the group-by-repetition interaction
observed in the analyses of variance for a substantial proportion
of the features. Features selected from the tapping task were
less sensitive to the effect of age and sex compared to other
tasks. Overall, the effects of age and sex were not significant
for most of the features. The analysis of elapsed time between
repetitions also revealed that the time difference between
repetitions did not have a significant effect on most of the
features. ICC values obtained from the PD and HC groups were
largely similar, suggesting that other non-PD related sources of
variation may have played a larger role in the observed low ICC
values. Determining these reasons requires more controlled
experiments than provided by the m-Power study.
Despite a significant difference at baseline, several features did
not differentiate PD and HC when using data from all time
points. This effect became most pronounced for the gait task,
likely due to its poor test-retest reliability performance.
Differential learning, variation in motivation, medication,
reduced adherence to task instructions, and other physical and
environmental parameters may contribute to this loss of
differentiation [2,10,12]. While a clear differentiation of
motivation versus learning effects on the often-abstract DB
features is difficult in an observational study design, a possible
way to provide inference on this issue is to compare the direction
of alterations in PD and HC. Assuming that alterations in PD
relative to HC reflect impairment, movement of a feature state
toward PD is likely to reflect worsening due to reduced
motivation, disease progression, or other similar factors. In
contrast, movements toward HC is likely to reflect improvement
and is therewith compatible with a learning effect. We find a
mixture of both effects for most tasks, suggesting the presence
of both aspects in DB longitudinal data. These observations are
also in line with previous studies showing that training may
reduce motor impairment in PD [45-47]. In particular, for the
tapping task the difference between PD and HC disappears for
several features, which is primarily due to a shift in performance
in HC. These findings may point to a differential change in
motivation across groups. While differential learning has been
previously reported [45,48-52], the differential change in
motivation is an important novel aspect to consider when
comparing DB measures between PD patients and HC.
Understanding the sources leading to this variability of DB
measures over time is a vital and open question that needs to
be systematically addressed to enable their application for
specific clinical questions.
Most patients with PD take dopaminergic medication to alleviate
their motor functions. However, the responsiveness to PD
medication highly varies between patients. Besides good
reliability and the ability to differentiate PD and HC, another
important and desired quality of an effective DB is therefore to
monitor PD medication response. Among the most reliable
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features from each task, only a few displayed significant but
weak sensitivity to different medication conditions. One possible
reason for this poor performance of DB measures in our study,
as compared to some previous reports [20], might be the
self-reported nature of the medication status in the m-Power
data set, which likely introduced some noise variation (ie,
different drugs and differences in time after administration).
Nonetheless, our findings point to the need for further
optimization of DB measures to increase their sensitivity to PD
medication effects.
The self-administered design of the m-Power data set is also
the major limitation of our study. In such an uncontrolled setting,
accuracy in reporting the diagnosis and demographics, defining
the medication status, and ensuring correct understanding of
and compliance with the instructions may all have introduced
variation into the study measures. The reported ballpark
estimates for test-retest reliability and ability of the respective
measures to differentiate between PD and HC therefore need
to be carefully considered when interpreting our results. Another
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limitation of our study is the moderate adherence of participants
in the m-Power study, which limited the number of participants
who could be included in our analyses. Differences in age as
well as lack of standardization of the time of day when the
assessments were conducted are further sources of variation
that may affect the generalizability of our findings [53]. Future
studies may make inferences about the impact of different
confounders such as comorbidities and disease severity on the
longitudinal stability of DB. Also, further research is needed to
establish the longitudinal stability of DB in the context of their
relationship to clinical rating scales such as UPDRS.
Nonetheless, our findings clearly demonstrate the need for
further optimization of DB tasks as well as for introducing
careful monitoring and quality control procedures to enable
integration of DB measures into clinically relevant applications.

Data Availability
The m-Power data set used for this paper is available upon
registration from Synapse [54].
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Abstract
Background: The last few decades have witnessed significant advances in the development of digital tools and applications
for mental health care. Despite growing evidence for their effectiveness, acceptance and use of these tools in clinical practice
remain low. Hence, a validated and easy-to-use instrument for assessing professionals’ readiness to adopt eMental health (EMH)
is necessary to gain further insights into the process of EMH adoption and facilitate future research on this topic.
Objective: The aim of this study is to develop and validate an instrument for assessing mental health care professionals’ readiness
to adopt EMH.
Methods: Item generation was guided by literature and inputs from mental health care professionals and experts in survey
development. Exploratory factor analyses were conducted on an initial set of 29 items completed by a sample of mental health
care professionals (N=432); thereafter, the scale was reduced to 15 items in an iterative process. The factor structure thus obtained
was subsequently tested using a confirmatory factor analysis with a second sample of mental health care professionals (N=363).
The internal consistency, convergent validity, and predictive validity of the eMental Health Adoption Readiness (eMHAR) Scale
were assessed.
Results: Exploratory factor analysis resulted in a 3-factor solution with 15 items. The factors were analyzed and labeled as
perceived benefits and applicability of EMH, EMH proactive innovation, and EMH self-efficacy. These factors were confirmed
through a confirmatory factor analysis. The total scale and subscales showed a good internal consistency (Cronbach α=.73-.88)
along with acceptable convergent and predictive relationships with related constructs.
Conclusions: The constructed eMHAR Scale showed a conceptually interpretable 3-factor structure having satisfactory
characteristics and relationships with relevant concepts. Its ease of use allows for quick acquisition of data that can contribute to
understanding and facilitating the process of adoption of EMH by clinical professionals.
(J Med Internet Res 2021;23(9):e28518) doi:10.2196/28518
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eMental health; adoption of innovation; mental health care; scale development

https://www.jmir.org/2021/9/e28518

XSL• FO
RenderX

J Med Internet Res 2021 | vol. 23 | iss. 9 | e28518 | p.930
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Introduction
Over recent decades, a wide range of digital tools and
technologies have been used in the practice of mental health
care. There is a growing body of evidence for the effectiveness
of eMental health (EMH) [1,2], which can be defined as “the
use of information and communication technology (ICT)—in
particular, the many technologies related to the Internet—when
these technologies are used to support and improve mental
health conditions and mental healthcare” [3]. Multiple benefits,
such as an increased access to psychological treatment,
convenience, and enhanced self-reflection and self-disclosure
of the client, are associated with the use of these technologies
[4-7]. Despite these advantages, studies consistently report that,
before COVID-19, the use of EMH in daily practice was
relatively low, finding that 80%-90% of practitioners never or
only rarely made use of web-based tools in their routine [8-10].
Several studies have aimed to elucidate what determines this
low use of EMH and have pointed to a variety of factors that
can play a role, such as the characteristics of clients and
professionals, technological aspects, and legal and managerial
issues [11-13]. Initially, it was assumed that client factors such
as their attitudes and skills were the most important barriers;
therefore, studies tended to focus on clarifying these
characteristics [14]. However, research suggests that the role
of professionals is at least as important and that their adoption
is crucial in the successful implementation of EMH [15].
Adoption has been described as a staged process that comprises
required knowledge and skills, acceptance, implementation in
daily procedures, actual use, and evaluation [16]. Reviews on
the perspective of professionals demonstrate that a variety of
factors influence adoption, such as (lack of) perceived benefits,
applicability and conditions in daily practice, experience and
know-how regarding EMH, and technical issues [6,7,17].
As conceptualized in the Levels of Adoption of eMental Health
Model [5], each stage in the adoption process is associated with
different barriers and drivers that professionals experience.
Some of these are external factors, such as the organizational
setting and supporting conditions in daily practice (eg, time and
resources provided by an institution), characteristics of the EMH
tool, and available technical infrastructure, whereas other factors
concern individual characteristics of professionals, such as their
beliefs and attitudes, knowledge, skills, and experience regarding
EMH [12]. Research has shown that these individual
characteristics are crucial to the adoption process [13].
Therefore, in this study, we focus on these personal
characteristics and refer to these with the term adoption
readiness—the extent to which a professional is ready to use
EMH (ie, has a positive attitude, is motivated, and possesses
the necessary skills and knowledge). By doing so, we distinguish
individual adoption readiness from the broader context of
adoption, as the latter also includes the actual use in practice
and hence is highly influenced by external factors [12].
Studies that investigated relevant individual characteristics
generally reported relatively low levels of acceptance, skills,
knowledge, and experience regarding EMH, that is, low adoption
readiness [6,11,13]. These studies also indicated that perceived
https://www.jmir.org/2021/9/e28518
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benefits and applicability in daily practice, an innovative
attitude, experience, and feelings of self-competency regarding
EMH are important determinants of adoption readiness.
Although providing valuable knowledge on adoption readiness,
each of these studies used different measures and definitions;
to date, no validated quantitative instrument comprehensively
captures all the relevant aspects. This complicates research on
this topic, and professionals’ adoption readiness and its
underlying factors have remained difficult to qualify and
quantify, which also makes it more difficult to develop effective
strategies to increase the uptake of EMH.
To improve our understanding, we need a measurement
instrument that can reliably assess a professional’s readiness to
adopt EMH. The development of our scale benefits from
previous studies in the same direction. The measurement
instruments that were used in these studies focused on attitudes
[18], comprised ad hoc measures for one specific study [19,20],
or were measures that were originally developed to assess
individuals’ adoption of technology in general [6,9,10]. Other
studies have used qualitative methods that have the strength of
providing in-depth results, but are less suited for studying larger
sample sizes and cross-group comparisons [21,22]. In addition,
related studies have focused on the client’s perception [23] or
organizational structures and implementation strategies [24].
We build upon and extend existing measures by developing a
validated scale that specifically focuses on gauging individuals’
readiness to adopt new or existing EMH tools, independent of
organizational settings or specific tools. A practical
measurement instrument would facilitate studies with larger
samples and allow scholars to systematically test the specific
hypotheses about how professionals’ adoption readiness relates
to external factors, how the various individual and external
factors interact, and what their relative roles are in the actual
use of EMH in mental health care practice. In addition, it would
allow cross-study comparisons to investigate the differences
between demographic groups and longitudinal comparisons to
examine developments over time—all important means to
increase our understanding of the EMH adoption process.
This study presents the process of the development and
validation of the eMental Health Adoption Readiness (eMHAR)
Scale: a scale that assesses EMH adoption readiness of mental
health care professionals. Specifically, this study describes the
scale construction process (item generation and item selection),
and validation of the scale through an exploratory factor analysis
followed by a confirmatory factor analysis, using two sizable
samples of mental health care professionals, along with an
analysis of scale reliability as well as convergent and predictive
validity. In the Discussion section, we will highlight the
relevance of the scale and reflect on its theoretical and applied
strengths and current limitations.

Methods
Scale Construction
The construction of the eMHAR Scale broadly involved the
following steps: (1) item development, generating an item pool,
and having survey experts review the items; (2) test with a
sample of the target population to explore the underlying factor
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structure, refine the scale, and obtain an indication of the
psychometric properties of the resulting scale [25,26]; and (3)
a second study with a different sample to confirm the factor
structure and further establish its psychometric properties. This
procedure of first conducting an exploratory factor analysis
followed by a confirmatory factor analysis is generally
recommended in scale development [27-29]. The next sections
describe each of these steps in more detail. The study protocol
was assessed and approved by the ethical review board of the
Eindhoven University of Technology.

Item Development
To generate our item pool, we started with the results of Feijt
et al [5]. This qualitative study reported factors associated with
EMH adoption readiness that formed the basis for the items that
should be covered by the scale. These factors included perceived
benefits, applicability in daily clinical practice, personal affinity,
proactive behavior, knowledge, experience, and skills. To ensure
that we did not miss any relevant topics, we additionally
searched PsycINFO and PubMed for articles on EMH adoption
readiness that were published since the publication of this work
[5]. Thus, we used the terms (e(Mental)Health OR technology)
AND (adoption OR attitude OR barriers OR drivers) and
limited the results to articles published from April 2017 to
January 2018. This search supported our findings and did not
yield additional topics.
We translated the topics into statements that used the language
familiar to mental health care professionals. This procedure led
to the first draft version of the eMHAR Scale. It comprised 25
statements with a 5-point Likert scale response format: strongly
disagree, disagree, neutral, agree, and strongly agree, which
were assigned the values 1-5, respectively. We collected
feedback on this draft version from 20 mental health care
professionals as part of a workshop that took place during an
EMH event. With 3 of them, we subsequently used a
(phone-based) think-aloud strategy while filling out the
questionnaire. Thus, we obtained a better understanding of
unclear or redundant items. On the basis of the feedback, several
items were rephrased, and definitions were clarified: four new
items were added (three regarding pioneering activities and one
on perceived added value) and two items that were considered
duplications (regarding the lack of applicability of EMH and
experience with EMH) were removed. This second draft version
was presented to 3 experts on the topic of EMH for a final check
to ensure that all the identified aspects of EMH adoption
readiness were adequately and sufficiently covered. On the basis
of this expert review, another two items were added to skills
and feelings of competency, further resulting in a final item
pool of 29 items (Multimedia Appendix 1).
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tools, and frequency of use. The perceived added value of EMH
was measured for each of 13 EMH tools (eg, videocall,
web-based modules, and virtual reality) on 5-point scales
ranging from 1 (not valuable) to 5 (very valuable). Feeling of
competency regarding EMH was measured using a 5-point scale
describing incrementally increasing levels of skills and
knowledge. Moreover, participants indicated perceived
proficiency regarding nine EMH skills (eg, ability to establish
an empathic interaction on the internet and having sufficient
knowledge of privacy and security requirements) and perceived
proficiency regarding the same 13 EMH tools on 5-point scales
ranging from 1 (not at all competent) to 5 (very competent).
Last, the frequency of use of EMH was also probed for the same
13 EMH tools on 5-point scales from 1 (almost never) to 5
(almost every day). The items for these convergent measures
can be found in Multimedia Appendix 2. We expected that the
eMHAR Scale or its potential subscales would show substantial
positive correlations with these constructs.
Finally, the survey included basic demographic questions and
several items regarding the characteristics of participants'
everyday clinical practice (ie, which psychological disorders
they treated, which kinds of psychological treatments they
provided, years of professional experience, and whether they
had received training in EMH). The time required to complete
the survey was approximately 15 minutes.

Sample Size and Recruitment

Validation Study 1

For factor analysis, a sufficient observation-to-item ratio is
required to ensure the reliability of the correlation coefficients
that are used to compute the factors [30]. Although there are
varying opinions on what exactly is an adequate ratio, an index
of 10:1 is generally considered sufficient [29,30]. With our item
pool of 29 items, our aim was to recruit at least 300 mental
health care professionals. The target sample comprised mental
health care professionals representing broader ranges in the use
and experience of EMH, in the types of professions within
mental health care, and the types of mental health care
institutions to which they were affiliated. To achieve this, the
participants were recruited by contacting several large mental
health care organizations spread across the Netherlands. A total
of six mental health care institutions disseminated an
announcement with information and the survey link either
through email or intranet. Furthermore, a similar announcement
was placed in the newsletters and on the network webpages of
three national professional associations of psychologists: the
Dutch Institute for Psychology, the Dutch Association of Health
Psychologists, and the Dutch Association of Independent
Psychotherapists. In addition, several independent practitioners
were contacted directly through the authors’ network.
Participants could sign up for a raffle in which 10 gift vouchers
were allotted as a reward for their participation.

Web-Based Survey

Data Collection and Sample

The data for the first validation were collected via a web-based
survey. In addition to the eMHAR Scale items, the survey
comprised self-developed items on concepts related to adoption
readiness of EMH to analyze convergent validity: perceived
added value, feeling of competency regarding EMH in general,
perceived proficiency for various EMH skills and for specific

Data were collected between October 2018 and April 2019. In
total, 432 participants (288/432, 66.7% female) completed the
survey, with ages ranging from 20 to 69 years (mean 41.3, SD
12.1). The most frequently reported professions were clinical
or counseling psychologists, psychiatric nurses, and social
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workers. Table 1 presents further details of the demographic
data of the sample.

Data Screening
Before the factor analysis, the items were examined for the
accuracy of data entry, missing values, and their fit with
multivariate assumptions by checking their distributions,
descriptive statistics, frequencies, plots, and standardized

Feijt et al
residuals [30]. Second, the existence of multivariate outliers
was examined with the Mahalanobis distance at P<.001, which
was evaluated as chi-square with the degrees of freedom equal
to the number of variables [30]. Identified cases were inspected
to understand the cause of the significant value, and analyses
were both run with and without the outliers to determine the
effect of the outliers on the results, to decide upon their retention
or removal.

Table 1. Demographic data for the samples of study 1 (N=432) and study 2 (N=363), including gender, age, and profession.
Characteristic

Study 1, n (%)

Study 2, n (%)

Male

144 (33.3)

95 (26.2)

Female

288 (66.7)

268 (73.8)

<25

31 (7.2)

24 (6.6)

26-35

144 (33.3)

149 (41.0)

36-45

83 (19.2)

83 (22.8)

46-55

106 (24.5)

65 (17.9)

56-65

63 (14.6)

40 (11.0)

65+

2 (0.5)

2 (0.6)

Clinical or counseling psychologists and psychotherapists

126 (29.2)

135 (37.2)

Psychiatric nurses

147 (34.0)

118 (32.5)

Social work

115 (26.6)

78 (21.5)

Expressive therapists (eg, creative arts therapist and psychomotor therapist)

13 (3.0)

8 (2.2)

Physicians (eg, psychiatrist, general practitioner, and neurologist)

27 (6.3)

23 (6.3)

Other (eg, researcher and team manager)

4 (0.9)

1 (0.3)

Gender

Age (years)

Profession

Scale Analysis and Evaluation
Although we had expectations about the underlying factors of
the eMHAR Scale based on a previous work [5], we conducted
an exploratory factor analysis to allow for the detection of
nonhypothesized factors, which is a recommended procedure
in the early stages of scale development [27,28,31]. Owing to
the ordinal nature of Likert scales, the factor analysis in this
study was conducted on the polychoric correlation matrix to
correct for statistical issues that could arise because of the
attenuation of the correlations between ordinal variables [32].
Before conducting the actual analysis, we checked the
factorability of the items. Therefore, we examined whether the
items were sufficiently correlated to produce representative
factors by evaluating each item’s interitem correlation (>0.30,
for at least three items), significance of Bartlett test of sphericity,
and the Kaiser-Meyer-Olkin test (>0.80) [29,30].
We first conducted a principal component analysis to establish
the number of factors to be extracted [27]. Then, we conducted
a parallel analysis [33] with the eigenvalues as the leading
criterion to determine the number of factors to extract, as this
method is found to be the most robust and sophisticated [34].
As multiple criteria should be used to determine the number of
factors to be extracted [29,35,36], we checked the results from
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the parallel analysis with other frequently used criteria: the
Kaiser criterion (eigenvalue >1 [37]), the scree test (point on
the scree plot where the eigenvalues seem to level off [38]), and
the cumulative percentage of variance extracted (>60%
explained variance [29]). However, this analysis did not yield
different solutions.
For our common factor analysis, we applied the principal axis
factoring method and Oblimin oblique rotation with Kaiser
normalization. Oblique rotation is best suited in social sciences,
as many constructs in this field have an empirically and
theoretically based expectation to be correlated with each other
[29,35,39]. Moreover, in the (unlikely) case that the factors are
actually uncorrelated, orthogonal and oblique factors will
produce similar results [40].
We cycled through an iterative analysis process [27,29,30]: (1)
conduct a principal component analysis to determine the number
of factors to retain; (2) conduct principal axis factoring with
Oblimin rotation; (3) examine the rotated solution and assess
the factor loadings for low loadings and cross-loadings; (4)
evaluate potential items for deletion and delete the most
problematic items. If an item was deleted, then we returned to
step 1. This process was repeated until a satisfactory solution
with a simple structure (ie, highest item loading >0.40,
J Med Internet Res 2021 | vol. 23 | iss. 9 | e28518 | p.933
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cross-loadings <0.30, and conceptual convergence between
items in one factor) was achieved.
We then reverse scored the negatively worded items and
obtained a total score, which was computed as the unweighted
mean of all items, and obtained three subscale scores
constituting the unweighted mean of the items of each of the
three respective factors. We calculated both Pearson correlations
and attenuation-corrected correlations between the subscales
[41]. Finally, we calculated Cronbach α coefficients to probe
the internal consistency.
To assess the construct validity of the scale, we examined
convergent validity by calculating correlations between the
scales (both the total scale and the subscales) and the measures
we included for probing convergent validity: perceived added
value of various EMH tools, feeling of competency regarding
EMH, perceived proficiency regarding EMH skills and tools,
and actual use of these tools. We calculated Spearman
rank-order correlations because these items were measured on
ordinal scales. It was expected that the total score would
positively correlate with these additional measures and that such
correlations would also be found for the subscale scores. All
analyses were conducted using the Stata statistical software
package, version 14.2 (StataCorp) [42].

Validation Study 2
A second validation with a different sample was conducted to
test whether the factor structure found in the first study could
be confirmed and to find further support for the scale's
psychometric properties.

Web-Based Survey
The second study used a web-based survey similar to the first
study, comprising the resulting eMHAR Scale items from study
1 and the same convergent measures: perceived added value of
EMH tools, feeling of competency regarding EMH, perceived
proficiency in EMH skills and with specific tools, and frequency
of use. We again expected that the eMHAR Scale and the
subscales would correlate substantially with these concepts.
Furthermore, the survey included questions regarding barriers,
drivers, and needs experienced by professionals while using
EMH and questions on their experiences with the interaction
with their clients through EMH. Owing to the outbreak of the
COVID-19 pandemic, we also included some questions that
probed differences in the use and perceived usefulness of EMH
between the period before the COVID-19 pandemic and at the
time of the survey (June-September 2020) during the first wave.
The survey concluded with basic demographic questions, such
as years of professional experience and whether they had
received training in EMH. The required time to complete the
survey was established at approximately 20 minutes.

Sample Size and Recruitment
To establish our required sample size, we followed a simulation
study that compared the validity of confirmatory factor analysis
solutions for various sample sizes [43]. For our 3-factor solution,
the minimum required sample size to achieve an excellent
agreement (ie, congruence values >0.98) between the sample
and population solutions was determined to be 200. As in the
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first study, our recruitment was aimed at obtaining a sample
representative of the population of mental health care
professionals in the Netherlands. Four mental health care
institutions disseminated an announcement with information
and the survey link either through email or intranet. Furthermore,
an announcement was placed in the newsletter of a national
professional association of psychologists, that is, Dutch Mental
Health care. The message contained information about the
purpose of the study and the link to the web-based survey.
Participants could sign up for a raffle in which 12 gift vouchers
were allotted as a reward for their participation.

Data Collection and Sample
Data were collected between June 2020 and September 2020.
It is important to note that this second phase of data collection
occurred after the COVID-19 outbreak. Practitioners had been
forced to switch to web-based treatments because face-to-face
treatment was not, or only sparsely, possible during the first
peak of the pandemic. This led to a sharp increase in the use of
EMH, where 80%-90% of the practitioners never or only rarely
made use of web-based tools in their routine [8-10]; in May
2020, 80%-90% reported using it almost daily [44]. In total,
363 participants (268/363, 73.8% female) completed the survey,
with ages ranging from 18 to 70 years (mean 39.1, SD 11.5).
Again, the most frequent professions were clinical or counseling
psychologists, psychiatric nurses, and social workers. In total,
92.5% (336/363) of the respondents indicated that they did not
participate in the previous study, and inclusion of the
overlapping 7.4% (27/363) did not affect the results. Table 1
presents further details on the demographic data of the second
sample.

Scale Analysis and Evaluation
After the data screening process as described for study 1, a
confirmatory factor analysis was conducted on the data from
the second sample with structural equation modeling using
robust maximum likelihood estimation and the standardization
of latent factors. The root mean square error of approximation
(RMSEA) and the comparative fit index (CFI) were used to
assess model fit; RMSEA<0.07 and CFI>0.92 indicated an
acceptable model fit [29].
Then, we followed the same procedure as in study 1 to obtain
the total score and subscale scores (ie, reverse scoring,
computing the unweighted mean scores for the total scale and
respective subscales), the correlations between the subscales,
and Cronbach α coefficients. To assess the construct validity,
we again calculated Spearman rank-order correlations between
the scales and the associated measures to examine the
convergent validity. Another important component of the scale’s
validity pertains to its ability to measure changes in adoption
readiness. Due to the sharp increase in the use of EMH as a
consequence of the COVID-19 outbreak that occurred between
the data collections [44], we expected that the gained experience
in EMH would lead to higher feelings of competency in EMH;
thus, scores on the EMH self-efficacy subscale and total scale
should be higher in the second sample than in the first. No
differences were expected in the other two subscales. We
analyzed this through two methods of analysis: multigroup
confirmatory factor analysis and independent samples two-tailed
J Med Internet Res 2021 | vol. 23 | iss. 9 | e28518 | p.934
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t tests. Although multigroup confirmatory factor analysis is a
precise method to compare responses across groups, it depends
on the particular samples that are being compared, which
complicates cross-study comparisons, especially when complete
data sets are not accessible [45]. Therefore, we also compared
the unweighted means of the subscales with independent sample
t tests. For the multigroup confirmatory factor analysis, the first
step involved testing for various levels of measurement
invariance, that is, whether the scale measured the same
construct in the two samples, which is a precondition for
comparing the sample means. We tested this using the free
baseline approach, which means testing successive models that
are gradually being restricted (a more elaborate description of
this strategy is presented in the study by Kline [45]). A CFI
decrease ≤0.01 was used as the criterion to indicate no
significant decrement of model fit, that is, supporting
measurement invariance across the samples [46]. After
establishing measurement invariance, we compared the
estimated mean differences. Here, we took study 1 as the
reference group, setting the intercepts at 0, and the means of
study 2 were free to estimate. The estimated mean differences
are then assessed with the value of the critical ratio, which is
calculated as the parameter estimate divided by its SE. This
provides a z statistic that tests whether the estimate is statistically
different from zero. Second, we also compared the unweighted
mean scores on the total and subscales of the first and second
sample using independent samples t tests (two-tailed, α=.05).
The (multigroup) confirmatory factor analysis was conducted
with R, version 4.0 (R Foundation for Statistical Computing)
[47], via the software package RStudio, version 1.3 (RStudio)
using the lavaan library [48], which is a package for structural
equation modeling. All other analyses were conducted using
the Stata statistical software package, version 14.2 (StataCorp)
[42].

Results
Validation Study 1
Exploratory Factor Analysis

Feijt et al
cases out of the total sample of 432 that exceeded the critical
value for the Mahalanobis distance. Upon inspection of these
cases, none of them showed suspicious values (eg, only reporting
very low or high values), suggesting that they misunderstood
the items or had a particular response tendency. In addition,
performing the factor analysis with and without these cases did
not yield substantial differences in the found structure and factor
loadings. Therefore, we decided to keep all the cases in our final
analyses.
All 29 items had at least three interitem correlations >0.30. The
Kaiser-Meyer-Olkin test of sampling adequacy had a value of
0.92 for the total item pool, and on the item level, all values
exceeded 0.84. Bartlett test of sphericity (χ2406=7063.00) was
significant (P<.001). These results indicated that the items were
appropriate for factor analysis [29].
Initially, a 4-factor solution emerged from the iterative analysis
procedure described above. During the process, we deleted
seven items (in seven consecutive iterations) because the
cross-loadings exceeded the recommended threshold of 0.30
[29]. From the remaining 21 items, four more items with
relatively low loadings on all components were removed. One
of the four factors then comprised only two items, both of which
showed skewness values above the recommended value of 1.00
and were also difficult to interpret theoretically. For these
reasons, these two items were also removed. The final 15-item
solution with three factors explained 60.59% of the total
variance. Table 2 shows the loadings of the items on the
respective factors.
The first factor (items 1-7) concerns the perceived benefits and
applicability of EMH; the extent to which the professional thinks
EMH can have added value for clinical practice and fits the
mental health care profession. The second factor (items 8-12)
covers proactive innovation toward EMH; whether the
professional encourages other colleagues to work with EMH
and is involved in EMH development. The third factor (items
13-15) concerns perceived self-efficacy regarding EMH; the
extent to which the professional feels competent and possesses
the skills necessary to work with EMH.

Screening of the data showed that there were no missing values
or violations of multivariate assumptions. We identified 11
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Table 2. The 15 items in the final 3-factor solution and their factor loadings (>0.40)a.
Item

Factor 1: perceived
benefits of EMHb

Factor 2: EMH
Factor 3: EMH selfproactive innovation efficacy

1. eHealth fits well to my work as a health care professional

0.67

—c

—

2. Contact between health care professional and client always has to be face-to-

0.63

—

—

3. I expect that eHealth provides benefits to the care that I deliver

0.70

—

—

4. eHealth does not improve the care that I deliver (R)

0.71

—

—

5. eHealth does not fit the profession of a mental health care professional (R)

0.78

—

—

6. eHealth does not have any added value for my work as a mental health care
professional (R)

0.69

—

—

7. eHealth is an indispensable part of the mental health care profession

0.54

—

—

8. I am involved in setting up initiatives for the development of new eHealth tools —
and applications

0.91

—

9. Compared with my colleagues, I use eHealth a lot

—

0.71

—

10. Compared with colleagues, I take a lot of initiative regarding eHealth

—

0.80

—

11. I have ideas about new eHealth tools and technologies that could be developed —
(eg, virtual reality, gaming, biofeedback)

0.59

—

12. In my work I try to stimulate colleagues to use eHealth

—

0.78

—

13. I have the skills that are necessary to apply eHealth in my work

—

—

0.71

14. Using eHealth tools comes easy to me

—

—

0.67

15. I have to learn new skills to start using eHealth (R)

—

—

0.63

face (Rd)

a

Extraction method; principal axis factoring; rotation method; Oblimin with Kaiser normalization.

b

EMH: eMental health.

c

Factor loading <0.3.

d

R: reverse scored.

Psychometric Evaluation
Table 3 presents the descriptive statistics for the total scale and
subscales. Multimedia Appendix 3 presents a histogram of the
total scores.
Table 3. Descriptive statistics of the scores on the total eMHAR Scale and subscales in both studies.
Subscale

Mean (SD; range)

Median

Skewness

Kurtosis

Total eMHARa Scale

3.22 (0.61; 1.60-5.00)

3.20

0.10

0.07

Perceived benefits of EMHb

3.62 (0.64; 1.43-5.00)

3.71

−0.42

0.41

EMH proactive innovation

2.65 (0.91; 1.00-5.00)

2.60

0.39

−0.32

EMH self-efficacy

3.27 (0.77; 1.00-5.00)

3.33

−0.20

0.11

Total eMHAR Scale

3.30 (0.60; 1.07-5.00)

3.33

−0.19

0.19

Perceived benefits of EMH

3.65 (0.66; 1.00-5.00)

3.71

−0.55

0.49

EMH proactive innovation

2.76 (0.88; 1.00-5.00)

2.80

0.08

−0.52

EMH self-efficacy

3.42 (0.73; 1.00-5.00)

3.33

−0.51

0.70

Study 1 (N=432)

Study 2 (N=363)

a

eMHAR: eMental Health Adoption Readiness.

b

EMH: eMental health.
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Internal consistency, calculated by Cronbach α, yielded
satisfactory results for the total scale (.88) and the respective
subscales (.73-.87, Table 4). The subscales were significantly
correlated with each other (Table 4), suggesting that they share

Feijt et al
an underlying construct. Table 4 shows the Cronbach α values
of the subscales, Pearson correlations, and corrected correlations
between subscales.

Table 4. Internal consistencies and intercorrelations of the subscales.
Perceived benefits of EMHa EMH proactive innovation

EMH self-efficacy

Coefficient

.83b

0.57c

0.45c

P value

—d

<.001

<.001

Coefficient

0.48e

.87b

0.58c

P value

<.001

—

<.001

Coefficient

0.35e

0.47e

.73b

P value

<.001

<.001

—

Coefficient

.86b

0.56c

0.37c

P value

—

<.001

<.001

Coefficient

0.48e

.87b

0.56c

P value

<.001

—

<.001

Coefficient

0.29e

0.45e

.74b

P value

<.001

<.001

—

Subscale
Study 1
Perceived benefits of EMH

EMH proactive innovation

EMH self-efficacy

Study 2
Perceived benefits of EMH

EMH proactive innovation

EMH self-efficacy

a

EMH: eMental health.

b

Reliability coefficient: Cronbach α (on diagonal).

c

Correlation coefficients corrected for attenuation (above diagonal).

d

Not applicable.

e

Pearson correlations (below diagonal).

Convergent and Predictive Validity
To establish convergent validity, we analyzed correlations
between the eMHAR Scale scores and constructs that have been
associated with the adoption of EMH. As expected, the total
mean score was positively correlated with all the relevant
measures (Table 5). More specifically, a higher score on the
eMHAR Scale was associated with higher perceived added
value of EMH, higher feelings of competency in EMH, and
higher perceived proficiency regarding various EMH skills and
specific EMH tools. The scale also showed a predictive validity
for the more frequent use of EMH tools.
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We also explored the correlations between these measures and
the three eMHAR subscales (Table 5). The strength of the
relationship of the subscales corresponded to their respective
intuitively related constructs: compared with the other subscales,
the perceived benefits of the EMH subscale correlated highest
with the perceived added value. In addition, the EMH
self-efficacy subscale correlated highest with feeling of
competency, perceived proficiency in various EMH skills, and
specific EMH tools. EMH proactive innovation correlated the
strongest with frequency of use. These results support the
convergent validity of the eMHAR Scale. Importantly, the
correlations with the score on the total scale were always higher
than those with the scores on the individual subscales.
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Table 5. Spearman rho correlations between scores on the total eMental Health Adoption Readiness Scale and the subscales, and related constructs in
studies 1 and 2.
Subscale

Perceived
added value

Feelings of
competency

Perceived profi- Perceived profi- Frequency of
ciency general ciency tools
use

Correlation coefficient

0.54

0.63

0.69

0.47

0.50

P value

<.001

<.001

<.001

<.001

<.001

Correlation coefficient

0.48b

0.38

0.48

0.26

0.38

P value

<.001

<.001

<.001

<.001

<.001

Correlation coefficient

0.44

0.56

0.57

0.45

0.47

P value

<.001

<.001

<.001

<.001

<.001

Correlation coefficient

0.31

0.58

0.64

0.46

0.30

P value

<.001

<.001

<.001

<.001

<.001

Correlation coefficient

0.43

0.57

0.66

0.38

0.39

P value

<.001

<.001

<.001

<.001

<.001

Correlation coefficient

0.40

0.34

0.46

0.21

0.27

P value

<.001

<.001

<.001

<.001

<.001

Correlation coefficient

0.37

0.51

0.55

0.35

0.40

P value

<.001

<.001

<.001

<.001

<.001

Correlation coefficient

0.16

0.55

0.64

0.36

0.22

P value

.002

<.001

<.001

<.001

<.001

Study 1
Total scale

Perceived benefits of EMHa

EMH proactive innovation

EMH self-efficacy

Study 2
Total scale

Perceived benefits of EMH

EMH proactive innovation

EMH self-efficacy

a

EMH: eMental health.

b

Italics indicate correlations of the highest scoring subscale.

Validation Study 2
Confirmatory Factor Analysis
Following the same data screening process as in study 1, no
missing values or violations of assumptions were found. In total,
11 cases out of the total sample of 363 exceeded the critical
value for the Mahalanobis distance, but their responses again
showed no suspicious values. Performing the factor analysis
with and without these cases yielded almost identical results

https://www.jmir.org/2021/9/e28518

XSL• FO
RenderX

for the factor structure and loadings. On the basis of this result,
all cases were retained for our final analyses.
The confirmatory factor analysis confirmed the 3-factor model
with 15 items found in study 1, showing relatively good fit
indices (χ287=200.4, P<.001; CFI=0.96; RMSEA=0.062). The
model provided satisfactory standardized factor loadings (ie,
>0.40) for all items on their respective factors, as shown in
Table 6.
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Table 6. Standardized factor loadings (>0.40) of the 15 items in the 3-factor model.
Item

Factor 1: Perceived benefits Factor 2: EMH proactive in- Factor 3: EMH self-efficacy
novation
of EMHa

1. eHealth fits well to my work as a health care professional 0.81

—b

—

2. Contact between health care professional and client al-

0.68

—

—

3. I expect that eHealth provides benefits to the care that I 0.71
deliver

—

—

4. eHealth does not improve the care that I deliver (R)

0.73

—

—

5. eHealth does not fit the profession of a mental health
care professional (R)

0.73

—

—

6. eHealth does not have any added value for my work as
a mental health care professional (R)

0.64

—

—

7. eHealth is an indispensable part of the mental health care 0.50
profession

—

—

8. I am involved in setting up initiatives for the development of new eHealth tools and applications

—

0.71

—

9. Compared to my colleagues, I use eHealth a lot

—

0.82

—

10. Compared to colleagues, I take a lot of initiative regard- —
ing eHealth

0.87

—

11. I have ideas about new eHealth tools and technologies —
that could be developed (eg, Virtual Reality, gaming,
biofeedback)

0.60

—

12. In my work I try to stimulate colleagues to use eHealth —

0.80

—

13. I have the skills that are necessary to apply eHealth in —
my work

—

0.77

14. Using eHealth tools comes easy to me

—

—

0.99

15. I have to learn new skills to start using eHealth (R)

—

—

0.41

ways has to be face-to-face (Rc)

a

EMH: eMental health.

b

Factor loading <0.3.

c

R: reverse scored.

Psychometric Evaluation
Table 3 presents the descriptive statistics for the total scale and
subscales. Multimedia Appendix 4 presents a histogram of the
total scores.
Regarding the reliability of the questionnaire, measured by
Cronbach α, the values found for the total scale (.88) and the
respective subscales (.74-.87, Table 4) were almost identical to
those in study 1, again providing evidence for satisfactory
internal consistency. In addition, similar values were found for
the intercorrelations between the subscales (Table 4), which
were all significantly correlated with each other, further
confirming that they share an underlying construct.

Convergent and Predictive Validity
Convergent validity was again evaluated by analyzing the
correlations between the eMHAR Scale scores and associated
constructs. As expected, the total score correlated positively
with all the relevant measures (Table 5). More specifically, a
higher score on the eMHAR Scale was associated with a higher
perceived added value of EMH, higher feeling of competency
for EMH, and higher perceived proficiency in EMH skills and
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for EMH tools. The scale also showed predictive validity for
the more frequent use of EMH tools.
Next, we analyzed the correlations between these measures and
the three eMHAR subscales (Table 5), which yielded the
expected results, similar to study 1: compared with the other
subscales, the perceived benefits of the EMH subscale correlated
highest with the perceived added value, the self-efficacy
subscale correlated highest with the feeling of competency,
proficiency in general EMH skills, and for specific tools. EMH
proactive innovation correlated the strongest with the frequency
of use. These results confirmed the validity of the subscales.
Finally, we assessed the scale’s sensitivity to detect changes in
adoption readiness by comparing the total and subscale scores
between the two samples, as changes were expected because of
the increased EMH use following the COVID-19 pandemic.
After establishing measurement invariance (see Multimedia
Appendix 5 for the goodness-of-fit test statistics), the multigroup
confirmatory factor analysis showed a significant estimated
mean increase of 0.25 units between study 1 and study 2 for
EMH self-efficacy (z=3.342; P=.001) but not for the other
factors (perceived benefits of EMH: z=0.543; P=.59; and EMH
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proactive innovation: z=1.862; P=.06), all in line with our
expectations. The same results were found while comparing the
unweighted mean scores for the total scale and subscales; we
found significant differences for the EMH self-efficacy subscale
(t793=−2.79; P=.005) and a trend for the total scale (t793=−1.87;
P=.06) but not for the perceived benefits of the EMH subscale
(t793=−0.60; P=.55) or the EMH proactive innovation subscale
(t793=−1.76; P=.08).

Discussion
Principal Findings
EMH has been shown to offer many promising possibilities for
mental health care delivery [4-7], as also recognized by many
clients [49]. Despite this, before the COVID-19 pandemic, the
adoption of EMH technologies by mental health care
professionals remained low [8-10]. To facilitate research on the
adoption of EMH, we set out to develop a valid instrument that
can reliably assess a professional’s readiness to adopt EMH, is
independent of organizational setting and specific tools, and
can be easily applied to larger groups. To date, such an
instrument did not exist. The eMHAR Scale was based on a
thorough consultation of both literature and professionals in the
field. Initial testing with a large sample of the target population
provided a meaningful 3-factor structure with good internal
consistency and convergent validity. The structure and
satisfactory psychometric properties were confirmed in a second
sample, thereby supporting the scale’s ability to assess adoption
readiness for the EMH of mental health care professionals.
Investigating the underlying structure of the eMHAR Scale
indicated the existence of three factors: perceived benefits and
applicability of EMH, EMH proactive innovation, and EMH
self-efficacy. Identifying these underlying components allows
us to look at the determinants that are important for the adoption
of EMH in a new way, providing information on how they are
connected to each other, which aspects are general to the
adoption of technologies, and which aspects are more specific
to the field of mental health care.
For the first factor, perceived benefits and applicability of EMH,
some of the items are similar to items in factors of previous
models on the adoption of novel technologies (eg, the factor
Performance Expectancy in the unified theory of acceptance
and use of technology model [50]), indicating that the perception
that a new technology adds value is a fundamental factor in its
adoption. These items on perceived benefits in the eMHAR
Scale were highly related to the items regarding the extent to
which practitioners feel EMH is appropriate for mental health
care delivery. This is in line with other research on the adoption
of innovations in health care that reported that the innovation’s
compatibility with the practitioner’s profession is an important
determinant of its adoption [51]. The emergence of this factor
with items of both topics suggests that the applicability of the
technologies to care delivery constitutes an essential part of
perceiving benefits for (mental) health care professionals, which
seems to differentiate the adoption of health care technologies
from consumer technologies.
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The second factor, EMH proactive innovation, includes some
items that resemble the construct of personal innovativeness,
defined as the willingness of individuals to try out a new
technology [52]. However, in the eMHAR Scale, these items
were related to the items of proactive behavior such as being
involved in EMH initiatives and stimulating the use of EMH
among colleagues. The social aspect of these items bears some
resemblance with the social influence factor of the unified theory
of acceptance and use of technology model [50], but those items
are mainly focused on using a technology to adhere to a
subjective norm. This could indicate that in mental health care,
the subjective norm is less important for the adoption of
technology, whereas adoption is more influenced by a person's
individual degree of proactivity regarding technologies.
The third factor concerns EMH’s self-efficacy, that is, the
feeling that you possess the necessary skills and knowledge to
use EMH. Self-efficacy has been identified as a common
determinant in research on the adoption of innovations in health
care [51] as well as in other areas (eg, learning technologies
[53]). It has also been found to be an important predictor of
technology use in general [54] and for specific technologies
such as computers [55]. Furthermore, research indicates that
self-efficacy influences both behavior and evaluation; when
someone's perceived ability to use a new technology increases,
this has a positive effect on both actual use and how this use is
evaluated [56]. Thus, it can be expected that higher levels of
EMH self-efficacy are related to a more frequent use of EMH
tools and to experiencing more benefits, in line with our findings
that the EMH self-efficacy subscale showed substantial positive
correlations with the use of EMH tools and with the perceived
benefits and applicability of the EMH subscale. It should be
noted that although the three identified factors showed these
intercorrelations, the total score showed the strongest
correlations with the convergent and predictive measures (ie,
use of EMH tools), which suggests that the total score for
adoption readiness might be the most informative measure.

Implications
The main goal of the eMHAR Scale is to measure professionals'
readiness to adopt EMH and its underlying factors (ie, perceived
benefits of EMH, EMH proactive innovation, and EMH
self-efficacy). As these individual characteristics of professionals
play a crucial role in the adoption process [12], acquiring a
deeper understanding of adoption readiness is essential to truly
grasp the intricacies of this process. There are several ways in
which the eMHAR Scale could be used to achieve this goal.
First, the scale could be used for descriptive purposes, providing
knowledge on the current level of adoption readiness and its
specific factors. These measurements could be used at both the
individual and group levels, for example, within a particular
organization or country. In addition, such assessments could
concern a single measurement at a particular moment or they
could be used in longitudinal studies to assess changes over
time by repeating measurements at predetermined intervals.
Second, the scale could facilitate the development and
assessment of interventions aimed at changing EMH adoption,
such as a specific training program. The scale—and its
subscales—could indicate to organizations which specific factors
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are most opportune to target and in this way inform strategies
to increase use of EMH in daily practice, as opposed to the
one-size-fits-all approach that is currently standard practice
[57]. For example, finding a relatively low score on the EMH
self-efficacy subscale suggests that it might be worthwhile to
focus on increasing skills and knowledge by organizing training
on EMH skills, whereas a low score on perceived benefits of
EMH suggests that actions could be taken to increase the
awareness of their merits and advantages, or that perhaps the
available EMH tools require improvement or refinement. In
addition to informing the development of interventions, it could
also be used to examine the effects of these interventions by
comparing pre- and postintervention measurements.
Finally, the scale could contribute to more explanatory studies
that aim to obtain a more in-depth understanding of EMH
adoption by investigating how adoption readiness relates to
other constructs or how it relates to different clinical contexts
and therapeutic interventions. For example, studies could
investigate relationships between scores on the eMHAR Scale
and its subscales with factors such as gender and age, client
population, (digital) skills, education, type of mental health care
organization and profession, and specific EMH tools. In
addition, scholars could examine the relationship between
adoption readiness and actual use and the extent to which
demographic or external factors influence this relationship. It
would also be interesting to investigate how adoption readiness
scores can be related to experienced barriers, drivers, and needs
that have been reported in previous studies. Knowing how these
experiences are influenced by the determinants of adoption
readiness and actual use might provide a better understanding
of why and under which circumstances they arise. In addition,
the inclusion of this instrument across multiple studies will
allow for comparison across different groups and settings, which
facilitates a more cumulative science of the adoption of EMH
tools.
While applying the eMHAR Scale, it is important to note that
the scale is not intended to be used as a normative scale; a higher
score is not per definition a better score. It is meant to provide
a view of professionals’ current status regarding their readiness
to adopt EMH. Furthermore, the level of adoption readiness
does not correspond one-to-one with actual use in practice (and
hence, is not a direct measure of adoption according to our
terminology). Although we found a substantial positive
correlation, meaning that practitioners with higher eMHAR
scores were more likely to use EMH than those with lower
scores, actual use in practice is also influenced by several
external factors, such as technical infrastructure and
organizational support [11-13]. Hence, this should be considered
while aiming to increase the actual use of EMH.

Strengths and Limitations
Although there were no established instruments that could be
used to test the validity of the scale, the convergent and
predicted measures showed expected relationships with the
eMHAR Scale, supporting its external validity. In addition,
finding the expected increase in scores on the EMH self-efficacy
subscale between the two samples (pre-COVID-19 and a few
months after the first lockdown) provided evidence for the
https://www.jmir.org/2021/9/e28518
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sensitivity of the scale. A drawback associated with the
unfolding of the COVID-19 pandemic and its associated
physical distancing measures (eg, lockdown) that occurred
between the two studies is the fundamental change in daily
clinical practice that happened as a consequence [44]; therefore,
a valid measure of test-retest reliability could not be established.
As it is expected that the position of EMH in mental health care
practice will continue to evolve over the coming years, a strict
test-retest assessment will probably remain difficult to conduct
in future work. On the other hand, the fact that the factor
structure remained unchanged, even during this radical change
in care practice, speaks to the robustness of the scale. We are
also aware that the correlational and descriptive nature of this
study design limits us in drawing causal inferences. Performing
a study that applies the scale before and after an intervention
for EMH adoption (eg, a specific training or providing
guidelines for web-based treatment) might provide a more solid
test for its sensitivity.
An important additional asset of this instrument is that it can
be applied relatively quickly and unobtrusively, both on the
internet and offline, thereby facilitating the systematic study of
EMH adoption readiness. This is especially important for
application in mental health care practice, where practitioners
generally work under high time pressure, and experience the
challenge of continuously delivering high-quality care to a
growing population of people in need of care, while dealing
with changing job demands in mental health care. Another asset
is the scale’s independence in organizational setting and specific
technologies. Therefore, it is not restricted to the mental health
care systems of particular countries or practitioners working in
institutions, and its applicability will not be compromised by
future technological developments.
A strength of the current validation studies in support of the
scale’s validity is that the building and testing of the model were
conducted using two substantial samples (exceeding the
recommended 10 participants per item [29,30]), and particularly
that the results were robust despite the great change in the daily
practice of mental health care that occurred during the time
frame of the research. Another strength of the validation studies
is that both samples consisted of mental health care professionals
with a high variation in use and experience with EMH,
professions within mental health care, and types of mental health
care institutions. This benefits the generalizability of the sample
toward the entire population of mental health care professionals
in the Netherlands, and perhaps to similar countries, and thereby
the generalizability of the results of the study across clinical
approaches and contexts. Currently, the scale has only been
examined in the Dutch language. Translation to other languages
would allow for testing the validity of the scale internationally.
As translation might lead to subtle differences in participants'
responses (eg, subtle differences in semantics of terms may lead
to a different interpretation of items), we plan to investigate
whether the same factor structure will emerge. These translated
scales could then be used to study whether findings can be
generalized across other countries, including those with
significantly different mental health care systems and
technological infrastructures.
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Conclusions
This paper presents the construction and validation of the
eMHAR Scale, a measurement instrument to assess the EMH
adoption readiness of mental health care professionals. Overall,
the scale showed satisfactory characteristics and relationships
with relevant concepts. These results suggest that the eMHAR

Feijt et al
Scale is robust, valid, and reliable. With this work, we aim to
stimulate future research and use in practice, which we hope
will lead to improved insights into the individual characteristics
of professionals in adopting EMH and facilitate well-informed
solutions for the adoption process from which professionals,
clients, and mental health care as a whole can benefit.
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Abstract
Background: In health care, the use of game-based interventions to increase motivation, engagement, and overall sustainability
of health behaviors is steadily becoming more common. The most prevalent types of game-based interventions in health care
research are gamification and serious games. Various researchers have discussed substantial conceptual differences between these
2 concepts, supported by empirical studies showing differences in the effects on specific health behaviors. However, researchers
also frequently report cases in which terms related to these 2 concepts are used ambiguously or even interchangeably. It remains
unclear to what extent existing health care research explicitly distinguishes between gamification and serious games and whether
it draws on existing conceptual considerations to do so.
Objective: This study aims to address this lack of knowledge by capturing the current state of conceptualizations of gamification
and serious games in health care research. Furthermore, we aim to provide tools for researchers to disambiguate the reporting of
game-based interventions.
Methods: We used a 2-step research approach. First, we conducted a systematic literature review of 206 studies, published in
the Journal of Medical Internet Research and its sister journals, containing terms related to gamification, serious games, or both.
We analyzed their conceptualizations of gamification and serious games, as well as the distinctions between the two concepts.
Second, based on the literature review findings, we developed a set of guidelines for researchers reporting on game-based
interventions and evaluated them with a group of 9 experts from the field.
Results: Our results show that less than half of the concept mentions are accompanied by an explicit definition. To distinguish
between the 2 concepts, we identified four common approaches: implicit distinction, synonymous use of terms, serious games
as a type of gamified system, and distinction based on the full game dimension. Our Game-Based Intervention Reporting Guidelines
(GAMING) consist of 25 items grouped into four topics: conceptual focus, contribution, mindfulness about related concepts, and
individual concept definitions.
Conclusions: Conceptualizations of gamification and serious games in health care literature are strongly heterogeneous, leading
to conceptual ambiguity. Following the GAMING can support authors in rigorous reporting on study results of game-based
interventions.
(J Med Internet Res 2021;23(9):e30390) doi:10.2196/30390
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Introduction
Health interventions that draw on games as their inspirational
source (ie, game-based interventions) come with the promise
of increasing motivation, engagement, and overall sustainability
of health behaviors [1] by enabling new paths of interactions
between health care providers and patients [2]. Although games
are present in various forms and genres, they generally share
four defining traits [3]: a goal players try to achieve, rules that
limit how players can achieve the goal, a feedback system telling
players how they can achieve the goal, and voluntary
participation of the players.
Over time, a myriad of different labels for game-based
interventions have emerged, including playification [4],
educational games [5], game-based learning [6], active video
games [7], fitnessification [8], fitness games [9], exergames or
serious exergames [10], cognitive games [11], simulation games
[12], games with a purpose [13,14], persuasive information
systems [15], and persuasive games [16]. Among these
approaches to game-based health interventions, gamification
and serious games have emerged as the 2 prevailing concepts
[13,17,18]. Both concepts have been reported to be successfully
used in various areas of health care, such as promoting healthier
lifestyles, supporting rehabilitation processes, or fostering the
education of health professionals [19,20]. However, although
serious games have been researched long before the proliferation
of computer technology and can be traced back to the 1970s
[21], the term gamification only became popular around the
2010s [22] and has since then rapidly gained interest from health
care researchers and professionals alike [18].
As both concepts have become increasingly established, scholars
have developed a variety of definitions for the terms
gamification and serious games [23,24]. In addition, several
researchers have discussed substantial conceptual differences
between gamification and serious games. For example, Liu et
al [25] argued that serious games are full-fledged games that
are modeled after but independent and separate from real-world
systems, whereas gamification can never exist on its own and
is always a part of a real-world system that maintains its
instrumental functionality. Such conceptual considerations have
been supported by empirical studies that showed differences in
the effects of gamification and serious games on specific health
behaviors [26]. Consistent with the law of parsimony, the
differences in conceptual and empirical levels indicate that
gamification and serious games are, in fact, 2 distinct concepts
that require separate scholarly consideration [27,28]. However,
researchers frequently report cases in which terms related to
gamification or serious games are used ambiguously (eg, due
to a lack of definitions [29,30]) or even interchangeably [31].
Over the course of our own research endeavors, we have also
seen first indications that there is an amalgamation of the terms
in the form of authors using them interchangeably or
ambiguously. The fuzzy use of the 2 terms can yield negative
consequences, such as an impediment to cumulative knowledge
development [28,31] or the prevention of collaboration between
researchers and practitioners [32]. Some of these issues are
already visible in the literature. For example, Koivisto and
Hamari [33] reported in their well-cited literature review that
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they had to consider every paper that was labeled as gamification
by the authors, despite being aware of and acknowledging
conceptual unclarity between the terms gamification and serious
games in some research communities. To ensure the feasibility
of the review, they had to perform some substantial abstraction,
which “has consequently caused some specifics of the studies
to be lost” [33]. In health care, negative effects stemming from
conceptual unclarity may also ripple through to practice, as it
is not uncommon for game-based health interventions to be
built around theoretical knowledge [34,35].
Within health care literature, the extent to which existing
research explicitly distinguishes between gamification and
serious games and whether it draws on existing conceptual
considerations to do so remains unclear. A major challenge for
authors may also be that they see themselves faced with several
different definitions and conceptual differences of gamification
and serious games, each operating on a different level of
abstraction, focusing on different characteristics. This can lead
to contradictory indications and may make it difficult for the
authors to reconcile different views [23]. We argue that more
practical guidelines for authors to avoid ambiguities between
different types of game-based interventions can help achieve a
more accurate attribution of cognitive, affective, and behavioral
outcomes to either gamification or serious games and ultimately
advance the development of effective interventions. In this
study, we aim to provide researchers and practitioners with the
necessary tools. To develop such tools, it is necessary to capture
the status quo of how health care researchers understand, define,
and use the terms gamification and serious games and whether
they explicitly distinguish between the 2 concepts.
Consequently, we formulated the following research questions
(RQs):
RQ1: How does extant research conceptualize gamification and
serious games in health care?
RQ2: How does extant research distinguish between
gamification and serious games in health care?
RQ3: How can authors be guided to avoid conceptual ambiguity
when reporting game-based intervention studies?
To answer our RQs, we use a 2-step research design. In step 1,
we analyze the current understanding of the terms gamification
and serious games in health care research by reviewing the
literature in the Journal of Medical Internet Research and its
sister journals. By doing so, we provide a comprehensive
overview of existing conceptualizations of gamification and
serious games in health care (RQ1) and provide rich insights
into the nature of the conceptual unclarities surrounding
gamification and serious games (RQ2). In step 2, we derive
guidelines for authors of game-based intervention studies that
may support them in avoiding conceptual ambiguity when
reporting their results (RQ3).

Methods
Literature Review
To answer the first two RQs, we conducted a systematic
web-based database search following the guidelines by Levy
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and Ellis [36]. We limited the search to journals of JMIR
Publications, as the Journal of Medical Internet Research itself
is one of the leading medical informatics and health care
sciences and services journal with an impact factor of 5.43 [37]
and a broad area of topics is covered in more than 30 of its sister
journals. To identify relevant literature, we used the search tool
on the JMIR website [38] to search for papers containing terms
related to either gamification (search terms: gamification,
gamified, gamifying, or gamify) or serious games (search terms:
serious AND games, serious AND gaming, or serious AND
game) in any field. The search was performed on November
12, 2020, and yielded 271 studies, for which we screened their
full text to assess their relevance. In doing so, we excluded 65
studies that did not focus on either gamification or serious games
but, for example, only mention them in the keywords of the
paper [39] or as a possible future research avenue [40]. We
presumed that all articles published in a journal of JMIR
Publications belong to the research area of health care (ie, are
related to research on efforts made to maintain or restore
physical, mental, or emotional well-being [41]). Hence, we were
left with 206 studies for further analysis. Our data analysis
followed a concept-centric approach informed by Webster and
Watson [42]. For each relevant study, we conducted a full-text
analysis to identify the applied research methods, health care
context (based on a study by Stepanovic and Mettler [19]), and
applied conceptualizations of the terms gamification or serious
games. Regarding the conceptualization of gamification and
serious games, we first analyzed whether and, if so, how each
of the studies defined the terms. For the purpose of this study,
we broadly construed a definition as a phrase that conveys the
meaning of a term. Furthermore, we analyzed the inspiration
sources of each provided definition (ie, whether they were based
on extant literature or self-developed). In addition, we analyzed
whether and how the studies differentiated between gamification
and serious games. The full results of our concept-centric data
analysis, including all 206 papers, can be found in Multimedia
Appendix 1 [1,2,10,18,40,43-243].

Development of Reporting Guidelines
To develop the reporting guidelines, we used a 3-step approach
inspired by Moher et al [244]. First, one of the authors generated
an initial list of items for inclusion in the checklist based on the
insights of the literature review, as well as our personal
experience in the field. These items cover both best practices
we selected from studies that clearly define and distinguish
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serious games and gamification, as well as common pitfalls,
inconsistencies, and inaccuracies identified within the reviewed
literature. The resulting list was grouped into sets of related
items. Second, the initial list of items was discussed by all
authors in an iterative process to ensure a common
understanding. During this step, items were merged, divided,
or specified more precisely as required to develop a
comprehensive yet concise list of guidelines. In addition, we
developed exemplary statements to provide future authors with
concrete starting points for reporting game-based interventions.
Third, to pilot test our checklist, we sent it to 9 experts in the
field of game-based interventions and asked for feedback
regarding comprehensibility and completeness. We then
consolidated their feedback and incorporated them into
guidelines, where feasible. This resulted in adjustments of 6
items (1a, 1b, 2a, 2b, 2c, and 3.1b), as well as the addition of 2
new items (2d and 2e).

Results
Conceptualizations of Gamification and Serious Games
in Health Care Literature
Characteristics of the Included Studies
The reviewed articles were published in the Journal of Medical
Internet Research and 10 of its sister journals. Table 1 provides
an overview of the number of articles published in each journal.
In total, 38.8% (80/206) of studies applied quantitative methods,
with the most common individual method being intervention
trials (67/206, 32.5%). Another 18.9% (39/206) of studies
applied qualitative methods, whereas 30% (62/206) of studies
were conceptual in nature. The remaining 12.1% (25/206) of
studies used mixed methods. Regarding the health care context
[19], a majority of studies (99/206, 48.1%) focused on individual
lifestyle habits. The most prominent theme in this context is
achieving an increase in the physical activity of users, as
examined by 7.3% (15/206) of studies [10,43,44]. Chronic
disease management and rehabilitation is covered by 38.3%
(79/206) of studies, including studies on dementia [45,46],
diabetes [47,48], or depression [49,50]. Furthermore, 23.3%
(48/206) of studies focused on supporting health professionals
and mostly dealt with education on various topics, such as
emergency care [51], specific surgical procedures [52,53], or
teaching ethics in medicine [54].
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Table 1. Number of articles mentioning terms related to gamification, serious games, or both for each journal of JMIR Publications (N=206).
Outlet

Gamification, n (%)

Serious games, n (%)

Both, n (%)

Total, n (%)

JMIR Serious Games

21 (10.2)

38 (18.4)

34 (16.5)

93 (45.1)

Journal of Medical Internet Research

11 (5.3)

18 (8.7)

10 (4.9)

39 (18.9)

JMIR mHealth and uHealth

22 (10.7)

1 (0.5)

4 (1.9)

27 (13.1)

JMIR Research Protocols

14 (6.8)

8 (3.9)

3 (1.5)

25 (12.1)

JMIR Mental Health

1 (0.5)

1 (0.5)

6 (2.9)

8 (3.9)

JMIR Formative Research

5 (2.4)

0 (0)

1 (0.5)

6 (2.9)

JMIR Rehabilitation and Assistive Technologies

1 (0.5)

2 (1)

1 (0.5)

4 (1.9)

JMIR Pediatrics and Parenting

1 (0.5)

0 (0)

0 (0)

1 (0.5)

JMIR Human Factors

1 (0.5)

0 (0)

0 (0)

1 (0.5)

JMIR Medical Education

0 (0)

1 (0.5)

0 (0)

1 (0.5)

JMIR Public Health and Surveillance

1 (0.5)

0 (0)

0 (0)

1 (0.5)

The 206 studies we reviewed were dated from 2010 to 2020.
Across these 206 studies, 137 (66.5%) feature terms related to
gamification (gamification, gamified, gamifying, or gamify),
whereas 128 (62.1%) feature terms related to serious games
(serious AND games, serious AND gaming, or serious AND
game) in their full text. There is an overlap of 28.6% (59/206)
studies that mention terms related to both concepts. Figure 1
shows the distribution of articles that mention terms related to

each concept over time. As can be seen in Figure 1, both
concepts became increasingly featured in JMIR journals since
2010, with no concept having a clear edge over the other. Out
of the 137 studies that feature gamification, 61 (44.5%)
explicitly define the term, contrasted by 76 (55.5%) studies that
do not. As for serious games, of the 128 studies, 60 (46.9%)
that feature the term provide an explicit definition, whereas 68
(53.1%) do not.

Figure 1. Number of articles in JMIR journals mentioning terms related to gamification, serious games, or both per year.

References to Definitions From Extant Literature
Of the 61 studies that define gamification, a share of 52 (85%)
studies explicitly base their definitions on extant literature,
whereas 9 (15%) studies provide a self-developed definition.
In contrast, out of the 60 studies that define serious games, 50
(83%) explicitly refer to extant literature to do so, whereas 10
(17%) studies do not. In defining gamification, our reviewed
papers draw on 29 different sources, whereas for serious games,

https://www.jmir.org/2021/9/e30390

XSL• FO
RenderX

we found 27 different sources of definitions. Figures 2 and 3
illustrate the different sources our review papers draw on to
define gamification or serious games, respectively. Each node
represents one such source. The number of times a source has
been cited by our review papers is indicated by both the color
and size of the corresponding node. An arrow from one node
to another indicates that a study draws on another, specifically
when defining gamification or serious games.
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Figure 2. Identified gamification definition papers.

Figure 3. Identified serious games definition papers.

The most commonly cited source for a gamification definition,
cited by 14.1% (29/206) of our reviewed papers, is the seminal
paper by Deterding et al [245], who define gamification as “the
use of game design elements in nongame contexts.” Considering
https://www.jmir.org/2021/9/e30390
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indirect citations (as indicated by arrows in Figure 2), the
percentage value increases to 27.2% (56/206), thus forming the
vast majority. Another definition by Deterding et al [246] was
used by 2.4% (5/206) of the reviewed papers. Huotari and
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Hamari [247], Cugelman [1], King et al [248], and Deterding
et al [249] are each cited by three (3/206, 1.5%) of the reviewed
papers, whereas Zichermann and Cunningham [250], Lister et
al [55], Miller et al [251], Lumsden et al [56], Stieglitz et al
[252], and Hoffmann et al [57] are each referenced twice (2/206,
1%).
In contrast to gamification, the sources of serious games
definitions in our reviewed literature seem to be more fractured
and heterogeneous. The most cited paper is that by Michael and
Chen [14], cited by 3.4% (7/206) of our reviewed papers. They
define serious games as “games that do not have entertainment,
enjoyment, or fun as their primary purpose.” In addition to the
seven direct citations, Michael and Chen [14] are also cited
indirectly 6.3% (13/206) of the time in the definitions of our
review papers of serious games (as indicated by arrows in Figure
3). Other prominent sources (based on citation count) include
studies by Susi et al [24] (5/206, 2.4%) and Abt [253] (4/206,
1.9%), as well as Deterding et al [245], Zyda [254], Alvarez
and Djaouti [255], Bergeron [256], and Marsh [257] (3/206,
1.5%). The remaining sources were cited only once (1/206,
0.5%) or twice (2/206, 1%).

Conceptions of Gamification in Health Care
We found that the content of the definitions provided for
gamification in the reviewed papers represent several different
conceptions. Of the 61 papers defining gamification, 58 (95%)
contained only a single definition of the term. Among these
articles, 74% (43/58) shared the basic notion of Deterding et al
[245,246,249]. They define gamification as either “the use of
game design elements in non-game contexts” [245,249] or as
an “umbrella term for the use of video game elements (rather
than full-fledged games) to improve user experience and user
engagement in nongame services and applications” [246]. Both
definitions conceptualize gamification as the intentional use of
game (design) elements in some kind of nongame artifact. The
latter definition, however, explicitly includes the purpose of
gamification as improving user experience and user engagement.
Similarly, among the 43 papers conceptualizing gamification
in line with the basic notion of Deterding et al [245,249], 33
(77%) did not explicitly specify the purpose of gamification.
The other 23% (10/43) of papers all specify a variation of
engagement, motivation, or both as the purpose of gamification
[58-60]. There are also differences regarding the inspiration
that gamification draws from games. Although most of the
reviewed papers adopt the term game (design) elements from
the definition by Deterding et al [245,249], others instead name
game (design) techniques [61-64], game principles [65], playful
elements [66], game components [67], or game design features
[68]. Similarly, the views differed in the artifacts that
gamification is applicable to. Instead of nongame contexts, some
authors speak of nongame settings [43,69], nongame
environments [59], or nongame mechanisms [70]. Others more
generally refer to “real world processes or problems” [71],
“nongameful or nongamelike situations, services, or tools” [62],
or “applications that were not games to begin with” [72].
Another 15 articles provided a single definition that differs from
the notion of Deterding et al [245] in a more substantial way.
A group of 40% (6/15) of papers specify the nongame context
https://www.jmir.org/2021/9/e30390
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of gamification as either health care [40,73-76] or education
[18]. For example, Mendiola et al [75] described gamification
as a “feature that offers points, badges, or movement through
levels as a health objective is achieved or the more a patient is
engaged.” Park and Kim [18] state that “gamification in
education applies game elements to an educational context.”
Furthermore, 47% (7/15) of articles neither narrowed the context
down in a general way nor mentioned a specific context
[63,77,78]. For instance, Brown et al [77] refer to gamification
as “the application of game design elements to engage and
motivate users.” The remaining 13% (2/15) of papers describe
gamification as a process to create serious games [79] or focus
on gamification as the “overall proliferation of games in culture,
society, and technology” [80]. Finally, three papers provide
more than one definition of gamification. Among these 3 papers,
2 (67%) [81,82] contrast the aforementioned definition by
Deterding et al [245] with an alternative definition that describes
gamification as “a process of enhancing a service with
affordances for gameful experiences in order to support user’s
overall value creation” [247]. Cheng et al [81] argue that the
latter definition is more useful in an mHealth context, as it
focuses on the goal of gamification instead of its method.
Zakaria et al [54] provided various conceptualizations of
gamification throughout the article without contrasting them.

Conceptions of Serious Games in Health Care
Regarding the content of serious games definitions, we first
identified different views on how much serious games draw
from games. Most studies simply state that serious games “are
games” [83,84], whereas some expand on this by limiting serious
games to, for example, “full-blown digital games” [85]. Brown
et al [86] used this full game characteristic as the sole basis for
their self-developed definition, as they define serious games as
“the use of games in their entirety (as opposed to selected
elements or individual features of a game).” On the contrary,
some authors conceptualize serious games not necessarily as
full games but rather as “game-like experiences” [87], “the use
of game design elements” [58], or as something that “[uses]
specific design principles derived from video games” [88]. Some
authors even necessitate the presence of specific game elements
in a serious game, such as a challenge [89,90], a responsive
narrative [91,92], or interactive elements [93]. Four studies also
mention that serious games must be situated in a nongame
context [58,86,89,94].
Furthermore, we found that 90% (55/61) of papers that provided
a definition of serious games relate to the purpose of a serious
game. They do so in any of the following 3 ways. First, 15%
(8/55) of studies neutrally state that a serious game needs to
have any kind of purpose, also described as a characterizing
goal [95]. Second, 40% (22/55) of studies state that a serious
game needs to have a specific purpose. For example, Mack et
al [96] refer to serious games as “games designed to fulfill a
serious purpose by providing education from health
professionals via a digital device.” Other mentioned purposes
include imparting in a user the skills, knowledge, or attitudes
that are applicable in the real world [89], or to improve
motivation when completing or addressing complex or
bothersome tasks [88]. Third, the remaining 45% (25/55) of
studies explicitly exclude specific purposes from being the main
J Med Internet Res 2021 | vol. 23 | iss. 9 | e30390 | p.951
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purpose of a serious game. This nearly unanimously involved
excluding entertainment [87,97] or enjoyment [98] as the main
purpose of a serious game. Only Gamito et al [99] pass over
entertainment and instead state that “serious games are games
designed for other purposes than gaming.”
There were also different views in the reviewed literature on
the role of entertainment in serious games. As stated earlier,
most studies exclude entertainment as the main purpose of a
serious game [87,97]. Nevertheless, some authors still
consolidate entertainment as a core part of a serious game by
explicitly mentioning that serious games “use entertainment”
[100] or “[bring] fun spring from video games” [101] or by
referring to serious games as “entertaining games” [102,103].
In contrast, Vilardaga et al [97] refer to serious games as “games
not for entertainment,” possibly excluding entertainment as part
of a serious game altogether. Furthermore, some authors
[95,104,105] seem to consider serious games as an augmented
form of (entertainment) games in the sense that they do “not
simply [provide] entertainment” [87] or “merely entertain” [106]
but rather are a “combination of serious aspects with fun” [101]
or “intended to be both entertaining and educational” [103].
The studies by Andrade Ferreira et al [45] and Bindoff et al
[107] most vividly represent this view, as they start with
entertainment games as a basis, and then outline the differences
between serious games and entertainment games (eg, an explicit
purpose).
Finally, we identified several aspects that were unique to only
one or two definitions. DeSmet et al [103] posit that serious
games are “a form of organized play.” Similarly, according to
Shiyko et al [94], serious games use playful design strategies.
The authors also stated that the term serious games is a synonym
for a variety of terms, including gamification [58], applied
games [108], games with a purpose [107], and transformational
games [45]. In 2 studies, Tuti et al [51,109] posited that serious
games have to be playable with a mobile phone. Robert et al
[100] remarked that a serious game is a contest played against
a computer and thus involves only 1 player.

Distinctions
Overall, we identified 59 articles that mention both the terms
gamification and serious games in their full texts. We examined
these articles to determine the relationship between the 2 terms
used by the authors in each case. To start, 14% (8/59) of articles
did not allow for an interpretation of the semantic link between
the 2 terms (eg, the terms were used without reference to each
other in completely different sections of the article). Within the
remaining 86% (51/59) of articles, we identified four groups of
articles with distinct approaches: (1) implicit distinction, (2)
synonymous use of terms, (3) serious games as a type of
gamified system, and (4) distinction based on the full game
dimension. The 4 approaches are outlined in detail in the
following sections.
The first group contained 29% (15/51) of articles that only
implicitly differentiated between the terms gamification and
serious games. The authors of these articles use the 2 terms in
relation to each other in such a way that it becomes clear that
they differentiate between the two terms without providing any
explanations for why and how to do so. Typical examples of
https://www.jmir.org/2021/9/e30390
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this approach include articles that use and differentiate the terms
in enumeration. For example, Park and Kim [18] state “[b]efore
gamification, educational games, game-based learning, and
serious games were applied to the classroom. As gamification
was defined, however, it has become preferred among instructors
compared with the other techniques.” Similarly, Martin et al
[74] write “[I]n all, 2 different persuasive
mechanisms—gamification and serious gaming—were
proposed.”
The second group contained 10% (5/51) of articles that used
the terms gamification and serious games interchangeably. For
example, Booth et al [58] state that “[s]erious gaming or
gamification has been defined [...] as ‘the use of game design
elements in nongame contexts’ for the purposes of engaging
learners in solving complex problems.” Although some authors
use the terms synonymously without making it a subject of
discussion, others show awareness of conceptual ambiguity.
For example, Lumsden et al [56] report: “[There is a] lack of
coherence in the field [...] partly due to poor definition of terms;
for example, the gamelike tasks covered in this review could
be described as ‘serious games,’ ‘gamelike’, ‘gamified’, ‘games
with a purpose’, ‘gamed-up’, or simply ‘computer based’.”
The third group contains 43% (22/51) of papers that regard
serious games as a type of gamified system. Many authors refer
to gamification as the process of developing a game-based
intervention. For example, Zhang et al [68] stated that “the
gamification approaches used included the addition of gaming
elements to existing tasks, transformation of a conventional task
into a serious game.” Furthermore, while some of these articles
focus on serious games as the only possible outcome of
gamification, many other authors seem to share the view that
other types of game-based interventions can also be the outcome
of gamification. For example, Fornasini et al [44] reported that
“a recent trend has revealed virtual physical training through
exergames and serious games, making gamification an effective
tool to motivate.” In this regard, serious games are also
sometimes referred to as systems that integrate “gamification
principles and gamification strategies” [110]. However, it mostly
remains unclear what is meant by these terms and how they
differ from other established terms such as game mechanics,
game dynamics, and game aesthetics [258].
The last group contains 18% (9/51) of articles that distinguish
between gamification and serious games based on whether the
system in consideration is regarded as a full game. For example,
de Vette et al [111] state that “gamification is defined as the
use of elements from games in nongame contexts to improve
user experience and engagement without making that system a
full game as is the case with serious games.” However, it largely
remains unclear what the criteria are that determine whether a
system is a full-fledged game or only gamified. Some authors
try to counteract this by giving examples of gamification and
serious games that are as vivid as possible. For example,
Vermeir et al [60] state that “an interactive world in which
players complete challenges designed to improve physical
activity” is a typical example for a serious game, whereas a
gamified system could be “a mobile health application that uses
points and badges to encourage physical activity.” Nevertheless,
these authors also report that, in practice, the actual distinction
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between the 2 concepts can be blurry and highly subjective
because of a lack of clear criteria [60].

Game-Based Intervention Reporting Guidelines
General Remarks About the Guidelines
Through our review, we found that not only are the concepts of
gamification and serious games construed in various ways but
also their relationship is often fuzzy and unclear. To reduce this
conceptual ambiguity, we compiled reporting guidelines
consisting of 25 items that are considered essential when
reporting studies that deal with game-based interventions and
grouped them into 4 topics. In the following sections, we present
these items, each accompanied by a description and, where
applicable, exemplary statements. A consolidated version that
can be used as a quick reference can be found in Multimedia
Appendix 2 [245]. A more detailed version including detailed
rationales for each individual item may be found in Multimedia
Appendix 3 [245].
Game-Based Intervention Reporting Guidelines (GAMING)
should be interpreted with some consideration. GAMING are
intended to support the reporting of studies on game-based
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interventions. Although some of the items in GAMING may
be beneficial to consider when developing a game-based
intervention, our guidelines are not intended to guide the
development of game-based interventions per se. GAMING are
also intended only for studies that deal with game-based
interventions. Accordingly, when we use the term concept in
our guidelines, we refer to a type of game-based intervention
(eg, gamification, serious games, or exergames). We further
differentiated between those concepts that are the thematic focus
of the study (henceforth termed core concepts) and those that
only have auxiliary roles (henceforth termed related concepts).
An example to clarify this: a study may focus on the
development of a physical activity intervention based on the
paradigm of serious games (core concept) but still compare its
results to gamified physical activity interventions or exergames
(related concepts). In the following sections, we briefly
introduce the contents of our guidelines and the rationales for
including them.

Topic 1: Conceptual Focus
The first topic contains items that ensure that the conceptual
focus of a study is clear to the authors and readers alike (Table
2).

Table 2. Game-Based Intervention Reporting Guidelines—items in topic 1: conceptual focus.
Number and
topic

Description

Exemplary or explanatory statements

1. Conceptual Focus
(a) Decide which concepts (ie, gamification or serious
games) best reflect the interventions you want to investigate.

See Multimedia Appendix 4 [17,25,29,31,245,259-261] for existing theoretical distinctions between serious games and gamification.

(b) Clearly state early in the paper which core concepts (ie, “In this study, we focus on the concept of gamification, because we
gamification or serious games) you focus on in your study wanted to bring single game elements into the intervention instead of deand which criteria the decision for this core concept was veloping a full-fledged game.”
based on.
(c) Supply only metadata (eg, title and keywords) that
corresponds to your core concepts.

Ultimately, it should be transparent for the reader, what kind
of game-based interventions a study focuses on. A precondition
for this is that the authors themselves understand what concepts
best reflect the design of the game-based interventions they
want to focus on (item 1a). In light of the plethora of existing
concepts, as well as the different operationalizations of each,
this is by no means a trivial task. Authors may find it beneficial
to draw upon concept distinctions from extant literature to
establish their conceptual focus. To decide between gamification
and serious games, we compiled several distinctions from extant
literature that authors may use as decision support (Multimedia
Appendix 4). After deciding on their core concepts, the authors
should communicate this decision early in their manuscript and
include information on how the decision was reached (1b). This
allows the reader to comprehend their decisions and grasp the
study’s conceptual focus. Furthermore, we suggest that authors
should be mindful of the metadata they supply their study with
(1c). When reviewing the extant literature, researchers often
use metadata to initially assess the conceptual focus of a study
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For a study developing a physical activity intervention based on gamification: Gamification, gamified intervention.

and subsequently derive its relevance for their own purposes.
Although we acknowledge that broadly diversified metadata
increases the visibility of a study, it can also blur the conceptual
focus of a study and increase noise for meta-studies or literature
reviews.

Topic 2: Contribution
The items that we propose for the second topic (Table 3) are
intended to clarify the knowledge contribution of a study to
both authors and readers.
We believe that there are various research streams proximal to
different concepts. What constitutes a research stream can be
interpreted in various ways. Broadly, we understand a research
stream as a set of studies with similar properties, such as their
health care context (eg, all studies that describe the design of
gamified physical activity interventions), or their applied
methodology (eg, all studies that conduct literature reviews on
serious games).
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Table 3. Game-Based Intervention Reporting Guidelines—items in topic 2: contribution.
Number and
topic

Description

Exemplary or explanatory statements

2. Contribution
(a) Decide which research stream within the focused con- “Our work contributes to a better understanding of how gamification is
cepts your study contributes to.
being applied in real-world mHealth apps.”
(b) Report which research streams your study contributes “We contribute to a better understanding of the specific game element of
to and which criteria the decision for research streams was leaderboards. We decided for leaderboards, as they are prominently used
based on.
in mHealth apps to elicit social comparison.”
(c) Clarify your study's contributions to the chosen research “We provide rich insights into the psychological effects of leaderboards
streams, including the boundaries of your study.
on patients when isolated from other game elements. [...] Our insights are
about leaderboard specifically and are not necessarily transferable to other
social comparison features.”
(d) Clarify your study’s contributions to solving a problem “The results of our study can support the design and implementation of
or need in practice or society.
successful physical activity mHealth apps in practice.”
(e) Report to which extent observed positive and negative
outcomes can be attributed to your game-based interventions. If possible, narrow down the attribution of outcomes
based on individual components of your game-based intervention (eg, game elements).

Each research stream comes with its own thematic emphasis
and viewing angle. Thus, the transferability of knowledge
between different research streams requires care and
consciousness. For instance, insights from studies focusing on
physical activity are often not transferable to studies focusing
on health professionals’ education [19]. Similarly, knowledge
about badges is not necessarily transferable to leaderboards,
although both approaches may be labeled as gamification. Thus,
we think that authors should consciously decide which research
streams they contribute to (2a). To facilitate transparency, the
authors should communicate their decision to their readers (2b).
By also including insights into the decision process (eg,
explaining the criteria that shaped the decision for a research
stream) in their manuscript, readers can gain a better
understanding of a study’s setting and on the generalizability
and transferability of its results. After deciding on a research
stream, the authors should clarify their study’s contribution to
the knowledge base of the research stream, including the
boundaries of their study (2c). By doing so, readers can
understand how the study contributes to a better understanding
of core concepts. Furthermore, the ultimate goal of any
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“Participants showed increased motivation, because they were able to
compare themselves to others via the leaderboard function. However, this
function also caused some participants to feel less competent, thus decreasing their motivation.”

intervention is usually to solve a problem in practice (eg,
sedentary lifestyles). Accordingly, to foster an understanding
of how specific game-based interventions can help to solve
these problems, we recommend that the authors clarify their
study’s practical contribution (2d). Finally, for an understanding
of game-based interventions, it is vital that the outcomes of an
intervention are reported and attributed to the chosen type of
game-based intervention in an as granular way as possible (2e).
In this way, readers can easily contextualize knowledge and
understand whether an outcome is, for example, evoked by a
specific game element (eg, leaderboards) or connected to a
specific affective outcome (eg, envy). We also encourage
authors to embrace negative outcomes of their game-based
interventions, as these, despite them usually not being the
desired outcome of an intervention, can notably contribute to a
better understanding of a concept [262].

Topic 3: Mindfulness About Related Concepts
Items in the third topic (Table 4) are concerned with ensuring
that authors are mindful of the conceptual ambiguities
surrounding game-based interventions and possible
consequences for their study.
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Table 4. Game-Based Intervention Reporting Guidelines—items in topic 3: mindfulness about related concepts.
Number and
topic

Description

Exemplary or explanatory statements

3. Mindfulness about related concepts
3.1. Introduction and use of related concepts
(a) Make efforts to identify possibly related concepts
prominent in the context of your study.

Prominent related concepts for gamification in physical activity: Exergames, active video games, fitness games.

(b) Mention only those related concepts that are substantive ‘Substantive’ in the sense that a research design necessitates the introducfor your study.
tion of a concept. Example: A research design contrasting the effects of
two game-based intervention concepts requires the introduction of both
concepts.
(c) Be mindful about nuanced terms in the domain of any Examples: Game design elements, game mechanics, gamification elements,
introduced concept and use established vocabulary precise- ...
ly.
(d) Avoid using related concepts interchangeably. If you
“To allow a better readability of the manuscript, we use the term activity
use an umbrella term, specify which terms it comprises and games to describe gamified physical activity interventions, serious games
clarify why you introduce it.
for physical activity, as well as exergames.”
3.2. Insights from extant literature
(a) Be mindful about conceptual ambiguities when drawing —a
on the literature about game-based interventions.
(b) Do not presume easy transferability of insights from
one concept to another.

Example: Drawing on serious games literature for a gamification-based
intervention (or vice versa).

(c) Specify precisely what you draw from the literature and “Serious games and gamification share that they both center around game
why these insights are applicable to your study.
elements. Hence, to compile a list of possible game elements for our
gamified intervention, we also drew upon serious games literature to widen
our scope.”
a

Not available.

First, we think that studies benefit if authors identify related
concepts that are in close proximity to the core concepts (3.1a).
Considering any pair of concepts, the boundaries between these
closely related concepts will likely be the vaguest, which also
makes them the most important boundaries to define to avoid
conceptual ambiguities. Authors may assess the “proximity” of
2 concepts based on various contextual factors of an
intervention, such as targeted health behavior. For example, in
a physical activity context, exergames are a prominent related
concept to consider. Similarly, terms with high linguistic
proximity are likely to be candidates for related concepts. As
Tan et al [72] remarked in their study, the terms serious games
and serious gaming, although ostensibly the same, can be
construed as 2 different concepts that describe different classes
of game-based interventions (ie, serious games describe games
specifically designed for the serious purpose of health education,
whereas serious gaming is the use of any game for said purpose).
For each related concept, the authors should also consider the
benefits of introducing it in their manuscript. Increasing the
number of concepts introduced by nature also increases the
possibility of conceptual ambiguity. In our review, we faced
anecdotal mentions of gamification or serious games, which
were often difficult to interpret regarding the authors’
understanding of the individual concepts and the relationship
between the two. Thus, we argue that concepts should only be
introduced when they are substantive for understanding a study
(3.1b). This also leads to less noise for meta-studies as well as
less confusion for readers, as they have to keep track of only
substantive concepts. Our guidelines also account for
https://www.jmir.org/2021/9/e30390
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mindfulness regarding conceptual ambiguities in the vocabulary
surrounding game-based interventions (3.1c). In game-based
interventions, many terms can be quite nuanced or not
necessarily correspond to its intuitive meaning. For instance,
in games research, the term game aesthetics not only describes
the artistic value of a game’s visual interface but may also refer
to the desirable emotional responses evoked in the player [258].
Accordingly, we suggest being precise while using vocabulary
in the domain of any concept and not lightheartedly use or
arbitrarily adapt possibly nuanced terms. As there are at least
theoretical differences between most concepts, we also highly
discourage the interchangeable use of concepts in a manuscript
(3.1d). If several concepts are summarized under an umbrella
term, this should be done in a transparent way to avoid confusing
the reader.
Furthermore, we think that authors should be mindful of the
applicability of insights from extant literature to their own
research in 2 ways. First, if a researcher finds a study that is
labeled as focusing on the same concept that they are trying to
investigate, it does not necessarily follow that the researcher
and the authors of said study have the same understanding of
the concept in question. As our literature review illustrates for
gamification and serious games, there are various understandings
that are not always reconcilable. Hence, it is advisable to be
mindful about conceptual ambiguities when reviewing the extant
literature on game-based interventions (3.2a) and ideally
challenging the label of each study against one’s own
understanding. Second, when transferring knowledge from one
concept to another, the authors should carefully consider the
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possible theoretical and empirical differences in the respective
concepts. This aspect is supported by extant research that found
several empirical differences with regard to the psychological
and behavioral outcomes of gamification and serious games
[26]. Such differences can easily impede the transferability of
knowledge from one concept to another. Thus, the authors
should not presume the easy transferability of knowledge from
one concept to another (3.2b). Furthermore, after assessing
transferability, authors should precisely specify what knowledge
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they draw from extant literature and why they think that said
knowledge is transferable to their study (3.2c). This empowers
the reader to put statements into the context of extant literature
and allows a better understanding of how knowledge may be
transferable, despite possible conceptual differences.

Topic 4: Individual Concept Definitions
The items in the fourth topic (Table 5) focus on aligning the
understandings of authors and the reader regarding the
introduced concepts.

Table 5. Game-Based Intervention Reporting Guidelines—items in topic 4: individual concept definitions.
Number and
topic

Description

Exemplary or explanatory statements

4. Individual concept definitions
4.1. Definition inspiration
(a) Familiarize yourself with definitions for a concept pro- Reviews can often provide a good overview of different views on a concept.
vided by extant literature.
(b) Decide whether a concept definition from extant litera- Decision criteria: Deficits in extant literature? Incompatibility of own
ture is applicable for your research or if you need a selfviews with literature?
developed definition.
4.2. Definition of concepts
(a) Explicitly define each introduced concept independently “We define gamification as the use of game design elements in non-game
in a principal clause. Ideally, justify your choice for a spe- contexts, as this is the most widely applied definition of gamification
cific definition.
across disciplines. We define serious games as games whose primary
purpose is not entertainment. A game is [...].”
(b) Explicitly distinguish each introduced related concept "Gamification differs from serious games in that [...]."
pairwise to at least to your core concepts; better even to all
related concepts.
4.3. Definitions from extant literature: if definitions are taken from extant literature...
(a) Make efforts to identify the original source of a defini- —a
tion.
(b) Include an explicit reference to the source of a definition “We define gamification as the use of game-design elements in non-game
directly following the definition.
contexts” [Deterding et al, 2011]; [245]
4.4. Self-developed definitions: if any definition for a concept is self-developed...
(a) Make sure to adhere to good definition design.

Be specific, avoid long sentences, do not repeat the term to be defined in
the definition.

(b) Clarify from which views your self-developed definition “We include only specific game elements of point, badges and leaderboards
emerged.
in our definition of gamification, because [...].”
4.5. Multiple definitions for a single concept: if multiple definitions for a single concept are provided...
(a) State clearly, which definition(s) is (are) applied in the “Gamification can be either defined as [...][exemplary reference 1] or as
study, and why.
[...][exemplary reference 2].”; “For the purposes of this study, we follow
the view of [exemplary reference 2], because [...].”
(b) Apply the chosen definition(s) consistently.
a

—

Not available.

They cover individual concept definitions as well as the
relationships between concepts. Having chosen that they want
to introduce a certain concept, authors should first familiarize
themselves with how extant literature defines it (4.1a). They
should then decide whether they want to adopt a definition from
the extant literature or need a self-developed definition (4.1b).
The latter may especially be the case if authors find that there
are no definitions for a concept in extant literature, deficits in
existing definitions, or if they feel that their view of a concept
is not sufficiently covered by any existing definition.
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Challenging existing definitions can bring vast benefits to the
theoretical development of a research stream. In most cases,
however, authors are better off when they build on existing
definitions, as this may allow better placement within extant
research and facilitate the building of cumulative knowledge.
In particular, we urge not to reinvent the wheel when providing
any self-developed definition. For most game-based intervention
concepts, multiple prominent definitions exist that together
cover a large range of views (eg, the studies by Deterding et al
[245] or Huotari and Hamari [247] for gamification and the
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studies by Michael and Chen [14] or Alvarez and Djaouti [255]
for serious games). Hence, authors should always consider first
if they want to align their views with those of the extant
literature.
Irrespective of the source of a definition, it is vital that authors
explicitly define every concept introduced in their study (4.2a)
to ensure that readers and authors share a common
understanding. A lack of an explicit definition for a concept
requires the reader to subjectively appraise the authors’
understanding of it based on context. Throughout our literature
review, we found that about half of the mentions of gamification
or serious games are not accompanied by an explicit definition
and thus require such an appraisal, which is likely error-prone.
Furthermore, concepts should not be initially defined based on
their boundaries to other concepts but rather in an independent
manner. For example, statements such as “exergames are games
that differ from serious games in [...]” do not fully reveal an
author’s understanding of exergames to readers, but only that
they somehow differ from serious games. Defining concepts
should be done in a principal clause to ensure that a definition
is actually recognized as such. Ideally, authors should also
justify their choice for a particular concept definition, as this
can provide valuable context to the reader (eg, the knowledge
that a particular definition is the most used in a particular
discipline). Once all concepts (ie, core concepts and related
concepts that are substantive in the sense of 3.1b) are
independently defined, the boundaries between concepts can
be established (4.2b). Explicitly drawing the boundaries between
concepts is the most reliable way to mitigate conceptual
ambiguities. Ideally, the boundaries between all possible pairs
of introduced concepts are drawn. In cases where this is
infeasible (eg, due to a large number of introduced concepts),
the boundaries adjacent to the core concepts of a study take
priority. The study by Park and Kim [18] is a good example to
note the benefits of properly introducing and delineating related
concepts. They focus on developing a gamified learning
environment, making gamification their core concept. Owing
to their proximity to the education context, they identify the
related concepts of game-based learning and educational
gaming, define them individually, and subsequently sharpen
their contribution by stating that gamification is their preferred
intervention design for being a more accessible technique for
teachers than the other concepts.
If authors decide to adopt definitions from the extant literature,
it is important that they establish a clear and unambiguous
connection to their respective sources. To do so, researchers
should first aim to identify the original source of a definition
(4.3a). Readers with domain knowledge are usually able to
recognize prominent sources of definitions (especially in the
case of seminal papers) and can then immediately attribute a
study to a certain view of a concept. Not citing the original
source of a definition (ie, indirect citation) obfuscates the
original source of a definition and prevents this process. To
ensure that a definition can be attributed to its source, the source
should be explicitly referenced immediately after the principal
clause that contains the definition (4.3b).
Formulating a good self-developed definition is a nontrivial
task that requires great care. Authors that decide to do so find
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support in guidelines for a good definition design (4.4a).
Although there is no universal way to formulate definitions,
authors may consider general guidelines on definition design
[263] or take guidance from definition development principles
in other areas [264]. Within the context of our study, we
particularly emphasize avoiding the use of any part of the term
that is defined within the definition of the term itself. For
example, when defining serious games as games with a serious
purpose, the question immediately follows, how games and
serious purposes are defined, essentially leaving the reader none
the wiser concerning the meaning of serious games. Whenever
authors decide on a self-developed definition of a concept
(considering 4.1b), they should also allow the reader to
comprehend this decision by clarifying from which view their
self-developed definition emerged (4.4b). By fostering an
understanding of the decision for a self-developed definition,
the reader can also better grasp how a study contributes to an
advanced, possibly novel understanding of a concept.
Finally, in some cases, authors may find it beneficial to name
several definitions of a single concept, for example, to contrast
different views [81,265] or to outline the theoretical
development of a concept [112]. To avoid confusing the reader,
they should clarify which definition they apply in their study
(4.5a) and subsequently apply this definition consistently (4.5b).
By further rationalizing the reasons for the choice of a specific
definition or concept view, authors can increase the
comprehension of the reader of why a certain definition was
chosen.

Discussion
Current State of Conceptual Ambiguity in Serious
Games and Gamification Literature
Overall, the findings of our study help to better understand the
phenomena of gamification and serious games and how they
are conceptualized in research published in JMIR journals. Our
results paint a heterogeneous landscape of different
conceptualizations and different ways of distinguishing the 2
concepts. In addition, there are also some major differences in
the evolution of definitions over time. We identified some
common pitfalls that may arise when researchers deal with
gamification or serious games and provide guidance on how to
avoid them. In the following sections, we discuss the principal
findings of this study.
First, the results from our literature review provide insights into
the vast differences in how researchers conceptualize
gamification or serious games. Our results show that less than
half (121/265, 45.7%) of concept mentions are accompanied
by an explicit definition which leaves room for improvements
in scientific rigor. Regarding the sources used for definitions,
our results show clear differences between gamification and
serious games. Although the majority of definitions used for
gamification (43/61, 70%) can be traced back to the seminal
paper by Deterding et al [245], no such single central article
exists for the concept of serious games. Regarding the content
of definitions, in the case of gamification, most studies follow
the understanding of Deterding et al [245]. Deviations from this
understanding are particularly evident in a change of the
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nongame context, meaning that the context is either limited to
a specific area of application (eg, health care and education) or
omitted completely. From our perspective, both approaches can
be problematic. First, we think that gamification and its potential
to positively shape the cognition, affection, and behavior of
people is not limited to a specific context. In fact, extant research
has repeatedly stated that investigating the context specifics of
gamification outcomes is one of the most interesting and
challenging questions that researchers currently face [33,266].
Second, we think that omitting the nongame context from the
definition of gamification can lead to great confusion around
the concept, as this would technically allow including classic
video games with pure entertainment purposes, which was
actually intended to be avoided when conceptualizing
gamification [245]. For serious games, the definition content
was considerably more heterogeneous than that of gamification.
However, one aspect stood out. Although some authors
emphasize that serious games refer to video games in their
entirety [85], others state that they only draw specific aspects
from video games, such as design principles [88]. In the latter
case, the definitions of serious games seemed considerably
closer to the common definitions of gamification.
Second, by analyzing 59 studies that mentioned both
gamification and serious games, our results reveal 4 approaches
to the relationship between the 2 terms. From our point of view,
2 of these approaches, namely interchangeable use (5/59, 8%)
and implicit differentiations (15/59, 25%), are not ideal for
communicating one's own ideas of the concepts to the academic
audience. As outlined in our reporting guidelines, we think that
explicit definitions and distinctions play a key role in mitigating
the conceptual ambiguity surrounding different types of
game-based interventions. This is also echoed by extant
literature on conceptual ambiguity problems, which states that
such problems can arise when researchers implicitly assume
that because they can make a logical distinction between
concepts, this distinction will also exist in the minds of others
[267]. The largest group of studies (22/59, 37%) labeled serious
games as a type of gamified intervention or as the product
resulting from the gamification process. This seems closely
related to the classic process view of gamification [265], where
gamification is construed as a process of transforming a purely
utilitarian system into a system that combines utilitarian and
hedonic functions by implementing game design elements [268].
From our point of view, this approach is incompatible with the
understanding of the last group of studies (9/59, 15%) that,
similar to Deterding et al [245], consolidate serious games as
full-fledged games, whereas gamification involves systems that
only partly consist of game design elements and in addition
have nongame parts. A similar view is shared by Marczweski
[259], who argues that contrary to gamification, serious games
provide gameplay, which he describes as “[having] all the
elements you would expect to see in a real game.” Although
conceptually sound, this distinction can also be problematic, as
deciding whether users actually play a game or use a system is
an often complex question that involves empirical, subjective,
and social factors [56,245]. In fact, for medical interventions
in practice, it seems infeasible to empirically investigate each
individual user on whether they are using or playing their
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system. On a conceptual level, this issue may be approached
by substituting actual user behavior with design intention.
Finally, when analyzing the thematic focus of our review
literature, our results show an ever-increasing amount of both
gamification and serious games studies in the JMIR research
community since 2015, with seemingly no concept prevailing
over the other. We found this particularly interesting because
it contrasts previous observations that gamification is
increasingly superseding serious games as a more popular
concept [18]. In fact, we also think that the circumstance that
no concept prevails over the other even strengthens the relevance
of clearly distinguishing between different types of game-based
health interventions and attributing research results accurately
in the future.

Implications
Our study has several implications for future research. First,
our study revealed a strong heterogeneity surrounding the
conceptualizations of serious games and gamification. In
particular, we demonstrate that just because 2 game-based
interventions are labeled similarly, it does not necessarily follow
that the designers share the same understanding of the
underlying concept. For researchers, this implies that they need
to exercise particular caution and scientific rigor when studying
game-based interventions and reporting study results. In fact,
the easy transferability of knowledge based on labels provided
in the literature is often not given.
Second, our results strongly indicate that there are conceptual
ambiguity problems surrounding serious games and gamification
in the health care literature. To counteract this, we rigorously
developed GAMING and evaluated them with the help of 9
outstanding experts from the area of game-based intervention
research. To the best of our knowledge, this is the first study to
formulate such reporting guidelines explicitly for game-based
interventions. The individual guideline items are designed to
mitigate common pitfalls that lead to conceptual ambiguities in
the literature reviewed. Researchers can use GAMING as an
inspiration for reporting the results of game-based health
interventions while accounting for potential conceptual
ambiguity. However, GAMING should not be interpreted as a
prescription for the reporting of game-based health interventions
in a strict or standardized format. The guideline items should
be addressed in sufficient detail and with clarity somewhere in
the manuscript, but the order and format for presenting the
required information depends on author preferences, journal
style, and the traditions of the research field.
For practitioners, we believe that our study can help raise
awareness about the conceptual ambiguity surrounding
game-based health interventions. Practitioners, similar to
researchers, should exercise caution when interpreting research
findings and transferring them into practice. Our review and
guidelines may serve as a starting point to assess whether any
study they want to draw on may be affected by conceptual
ambiguity and subsequently support them in evaluating the
transferability of knowledge for their own purposes.
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Limitations and Future Research
The results of our study are limited in several ways, which also
opens up avenues for future research. First, we limited our
literature review to studies published in the Journal of Medical
Internet Research and its sister journals. Although we are
convinced that the Journal of Medical Internet Research is a
suitable representative of the overall landscape of game-based
health interventions, future research may also benefit from
investigating the conceptual ambiguities surrounding
gamification and serious games outside of the JMIR research
community. We would be particularly interested in whether our
findings regarding the different evolutions of gamification and
serious games definitions (Figures 2 and 3) hold in a different
literature corpus. Researchers may also find it beneficial to
extend our approach to a full citation network analysis to
investigate the flow of knowledge in serious games and
gamification literature [269]. This may allow further insights
into whether given conceptualizations are refinements or
extensions of existing ones, which is a prime indicator for
investigating conceptual ambiguities [28]. Second, we only
included two concepts in our literature review: gamification
and serious games. As we alluded to in our introduction, a
plethora of concepts for health interventions draws on games
as their inspirational source. However, gamification and serious
games are currently prevailing concepts in game-based
interventions [13,18]. Thus, we argue that investigating the
conceptual conflict between this particular concept pair allows
for the extraction of the highest proportion of knowledge.

Warsinsky et al
Nevertheless, future research may still benefit from including
additional or different concepts within the scope of the
investigation. As for our reporting guidelines, we believe that
we converted the insights from our literature review to a
sufficient level of abstraction so that they are transferable to
other types of game-based interventions.

Conclusions
Games are an increasingly popular source of inspiration for the
design of health care interventions. With the ever-increasing
number of game-based interventions, concerns regarding
conceptual ambiguity have arisen. In this study, we focus on
the conceptual boundaries between two of the most prominent
game-based intervention concepts: gamification and serious
games. Our analysis of the literature in the JMIR research
community unveils various understandings of the concepts
themselves, as well as the boundaries between them. Thus, our
results support the initial hypothesis of conceptual ambiguity
between gamification and serious games in the health care
literature. On the basis of these results, we proposed GAMING,
consisting of 25 items designed to guide researchers in reporting
their own game-based intervention studies in a way that
mitigates conceptual ambiguity. We believe that our results can
serve as a valuable supplement to existing research that has
discussed conceptual differences between different types of
game-based interventions and can help advance cumulative
knowledge development in game-based health intervention
research, without being impaired by conceptual ambiguity.
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Abstract
Background: Nonadherence to medications, failure to prevent exposure to asthma triggers, lack of knowledge about using
medications, and fixed mindsets contribute to poor asthma control in children. Digital learning could provide a new strategy for
improving health-related outcomes in children with asthma.
Objective: The aim of this study is to develop and design a digital educational program, titled Module of Inhaler and Asthma
Triggers for Children (MIRACLE), for Indonesian children with asthma. The program comprises an interactive narrative and a
serious game. It was proposed to increase the understanding of asthma self-management, instruct on proper inhaler techniques,
improve asthma control, and promote a growth mindset for children with asthma.
Methods: Two phases of research were conducted to develop the program. In the first phase, a literature search and two rounds
of the Delphi technique were conducted to obtain agreement from an expert panel regarding elements of asthma self-management
and the design of interactive narratives and a serious game. The expert panel item statements were evaluated using the content
validity index (CVI). In the second phase, the SERES framework, Norma Engaging Multimedia Design, and Psychological Theory
of Growth Mindset were applied to create a storyline, learn objectives, and game challenges.
Results: In the first phase, 40 experts were invited to participate in Delphi round 1. Forty responses were collected to generate
38 item statements that consisted of part 1, elements of asthma self-management (25 items), and part 2, design of an interactive
narrative and a serious game (13 items); 38 experts were involved in Delphi round 2. In total, 24 statements in part 1 and 13 items
in part 2 had item-CVI values >0.80. The average CVI was 0.9, which was considered acceptable. Four narrative plots and five
game sessions were developed during the second phase. Challenges with the scenario, scoring, and feedback on asthma difficulties
were designed to promote a growth mindset for learners.
Conclusions: We developed a culture-specific, computer-based asthma program containing an interactive narrative and a serious
game to deliver asthma self-management and promote a growth mindset among Indonesian children.
(J Med Internet Res 2021;23(9):e28796) doi:10.2196/28796
KEYWORDS
asthma; computer; children; interactive narrative; serious game; digital education; mobile phone
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Introduction
Background
Designing effective asthma education for children is a challenge
for health care professionals, educators, and parents. Insufficient
knowledge of asthma and nonadherence to medications in
children are associated with high rates of morbidity and
mortality [1]. Improved education and support to help pediatric
patients manage their disease are urgently recommended to
control the burden of asthma [2]. However, frequent occurrences
of acute asthma attacks and negative outcomes imply that
effective self-management of asthma is difficult to achieve in
pediatric patients [3,4]. Children frequently have low
engagement with asthma self-care and poor medication
adherence [5]. Efforts to develop new asthma self-management
education for children must consider their level of understanding
and the development of a certain mindset.
Intertwining behavioral stages and a growth mindset in asthma
education may help children overcome the challenges of disease
exacerbation and engage with learning. Deploying principles
from modern behavioral psychology, children with a growth
mindset might improve their self-care abilities by identifying
impediments and embracing challenges [6]. Children face
greater difficulties than older patients in comprehending causal
relationships between asthma triggers and their consequences
[7]. Previous negative experiences of asthma exacerbations may
escalate their fears and discourage them from engaging in
asthma self-management activities. An animated web-based
interactive brain function program [8] was built to develop a
growth mindset and resiliency through interactive games and
classroom activities. Children with asthma may be unable to
manage their disease because of a lack of concepts [9], and
asthma education with a growth mindset might empower
children and their families to exercise greater control over their
situation. Incorporating a similar approach to promote positive
attitudes and behavioral changes may provide new insights into
asthma education for children.
Game-based education that incorporates elements of child
psychology may encourage children with asthma to acquire
knowledge, skills, self-care engagement, and motivation. Serious
games were reported to promote positive attitudes and
acceptance among children with HIV or AIDS [10], cancer [11],
and asthma [12]. A serious game is defined as an entertaining
game provided through a digital platform with an enjoyable
design, specific rules including challenge goals, and a scoring
concept that provides feedback to the player [13]. The
well-recognized SERES framework, developed by Verschueren
et al [14], provides rigorous scientific and design foundations
to inform the design of serious games for health-related
outcomes. Using game-based education, children experience
opportunities to solve problems through analytical thinking [15]
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and improve specific skills through training and adequate
feedback [16]. Engagement is also essential for programs
designed to promote healthy behaviors. Norma Engaging
Multimedia Design (NEMD) provides a theory for constructing
engaging materials and encouraging thoughts and feelings, and
it has been used to develop interactive narratives for asthma
education [17].
Appropriate cultural adaptation is an essential element that
should be emphasized when creating asthma education for
children [18]. A systematic review confirmed that educators
should adopt culture-specific values, beliefs, and languages for
educational materials to represent real-life role models and
social support systems of target populations [19]. Different
languages and cultures may act as barriers and decrease the
effectiveness of educational programs [20,21]. Indonesia, an
archipelagic country with diverse ethnicities, languages, and
local beliefs, may require different strategies when delivering
asthma education. Culture-specific asthma education proved
superior to a generic program in terms of reducing exacerbations
requiring hospitalization in children [18]. The development of
a serious game related to asthma that adopts Indonesian cultural
and language preferences may help fill this gap and strengthen
self-management among children with asthma.

Objective
To address the main issue of delivering effective asthma
education to children, we developed a digital asthma educational
program titled Module of Inhaler and Asthma Triggers for
Children (MIRACLE). It consisted of an interactive narrative,
a serious game, and a written asthma action plan. The specific
aims of this study were as follows: (1) to conduct the Delphi
technique to obtain culture-specific agreements from a variety
of relevant stakeholders on the elements and design of asthma
education and (2) to design an interactive narrative and a serious
game based on the NEMD theory and the SERES framework.

Methods
Study Design
There were two phases in this study, as shown in Figure 1. Phase
1 focused on determining elements of asthma self-management
and designing an interactive narrative and serious game using
previous literature, a Delphi consensus among experts, and
calculation of the content validity index (CVI); phase 2 focused
on designing an interactive narrative and a serious game using
the NEMD theory and SERES framework. Ethical approval for
this study was obtained from the Ethics Committee of the
Faculty of Medicine, Udayana University, Indonesia (no.
2020.03.1.0865). Health care professionals who agreed to
participate in this study received information on the study on
the web and provided informed consent before the Delphi
consensus was initiated.
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Figure 1. Flowchart of the research phase.

Phase 1: Determining the Elements and Design of
Asthma Self-management
Delphi Expert Panel
The expert panel consisted of physicians and clinical
pharmacists invited to develop the elements and design an
interactive narrative and serious game [22]. We attempted to
invite diverse categories of health care providers from academia,
hospital care, and primary care to accurately capture the content
required for asthma information in various clinical settings in
Indonesia. Physicians who served on the expert panel specialized
in pediatrics and had practiced pediatric ambulatory care for
patients with asthma for at least 1 year. Clinical pharmacists
had at least a master’s degree and had practiced in pediatric care
or pediatric research for at least 2 years. After providing written
informed consent, panelists were invited to participate in the
panel every week via reminders sent by WhatsApp Messenger
(Facebook) with a link to a Google Forms survey (Google). The
researchers conducted a web-based consensus among health
care providers to identify all categories of expected needs for
Indonesian children with asthma via a two-round modified
Delphi study. Participants answered questions and provided
initial judgments until agreement was obtained using an
anonymous, iterative technique to avoid the influence of
different perspectives [23]. Individual responses were neither
excluded nor shared with the other panelists. The Delphi study
was conducted from May to July 2020.
In the first round of the Delphi process, researchers sent an open
question to the experts using Google Forms: “According to your
experience, what are the components of an interactive narrative
and serious game that children can understand about asthma?”
All suggestions collected in the first round were used to generate
structural item statements. These statements were then
categorized into two parts, including elements of asthma
self-management (part 1) and the design of an interactive
narrative and serious game (part 2). Generated statements were
constructed with a four-point Likert scale (1=very irrelevant,
https://www.jmir.org/2021/9/e28796
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2=irrelevant, 3=relevant, and 4=very relevant) and sent to the
experts again for Delphi round 2.

Content Validation
After the second round of Delphi, we used the CVI to quantify
the content validity of the item statements. It relies on expert
ratings for each item based on the relevance of asthma
self-management and the design of the interactive narrative and
serious game. Item-specific CVI (I-CVI) was also calculated
for each item statement by counting the number of experts who
rated the item as 3 (relevant) or 4 (very relevant) and dividing
that number by the total number of experts [24]. The overall
instrument-CVI was defined as “the average proportion of items
rated as 3 or 4 (valid) across the experts,” as the average CVI.
It was calculated by summing the I-CVIs and dividing them by
the number of items. We used a CVI cutoff point of at least
80% (a minimum I-CVI of 0.80) as acceptable [25] and an
average CVI of ≥0.90 to have excellent content validity [26].
The experts were also prompted to comment on and justify their
responses.

Phase 2: Creating an Interactive Narrative and Serious
Game
General Design
After agreement was achieved, the elements and design
identified in the two Delphi rounds were used to create an
interactive narrative and serious game with the assistance of a
multimedia expert. A serious game was created to support
children’s growth mindset after learning about asthma
self-management through an interactive narrative. The main
considerations included designing the storylines, characters,
and learning objectives in the interactive narrative, and designing
the game mechanics, learning objectives, and challenges in the
serious game. Cartoon characters were created to reflect the
cultural preferences of Indonesian children.
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Target Audience
The appropriate age range for the target audience to receive this
program was children aged 6-12 years based on their cognitive
development and need for asthma education [27]. Researchers
invited 1 pediatrician and 2 clinical pharmacists to provide
feedback on the design of the interactive narrative and serious
game. The proposed sequences of using this computer-based
asthma educational intervention were that learners would engage
with the interactive narrative and then play a serious game.

Design of the Interactive Narrative
Scientific Foundation
The design of the interactive narrative applied the NEMD theory
and transformed the information we sought to convey into
storylines with learning objectives. It was visualized using
Articulate Storyline, version 2.0 (Articulate Global). This
approach allows a designer to create a nonlinear storyline for
which branches of the story differ, but each plot shares the same
trunk of characters and learning objectives of asthma
self-management. It allows the target audience to select actions
and cartoon characters. The storyline adopted the NEMD theory,
including simulation interactivity, construct interactivity, and
immediacy.
Design Foundations
Sketches of cartoon characters were illustrated by a pharmacist
using the Sketchbook Draw and Paint app, downloaded from
the Google Android Play Store (Autodesk), and the sketches
were imported into Articulate Storyline. The voices of
pharmacists delivering asthma information and music were
recorded and embedded in the software. The software generated
HTML5-compatible output, which could be accessed on a PC.

Design of the Serious Game
Scientific Foundation
The scientific foundations of the SERES framework were
applied to develop the serious game. The target audience, the
theoretical basis from the literature, and the CVI were assessed
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using the iterative Delphi method. The learning objectives of
the serious game were to achieve active learning of asthma
self-management and increase confidence and the growth
mindset of children with asthma.
Design Foundations
The design foundations included learning mechanics, game
mechanics, and design requirements. Learning mechanics were
defined according to the learning objectives [28], and these were
changed into game mechanics, which incorporated the concept
of a growth mindset. The concept of a growth mindset was
incorporated into game sessions by providing challenges and
rewarding efforts. Design requirements considered the platform
and display appropriate to the children’s mindset and their level
of understanding. The user interface of the serious game was
developed using the Construct 2D game programming software,
version 2.0 (Scirra) and run on a Windows desktop platform.
Several characteristics of using Construct 2.0, in this study,
allowed researchers to publish the game on desktop computers
(PC or Mac [Apple Inc]), Android mobile platforms, and
websites via HTML5, relying on its event system and requiring
no programming language or coding experience. The technical
details of Construct 2.0 included a game design template, game
objects, event system such as execution of commands, fun
factors such as challenges and rewards, and the game genre.
Game flow explained how the game was played from the
beginning until a player either won or lost.

Results
Phase 1: Determining the Elements of Asthma
Self-management
Of the 50 experts invited with various areas of expertise,
including pediatricians and clinical pharmacists, 40 experts
agreed to participate in Delphi round 1. The demographic
characteristics of the 40 participants are given in Table 1. A
total of 40 responses after raising an open question were
collected in round 1 (Table S1 in Multimedia Appendix 1).
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Table 1. Demographic characteristics of the Delphi expert panels.
Characteristic

Round 1 (N=40)

Round 2 (n=38)

Age (years), mean (SD)

33.4 (3.4)

33.3 (3.3)

Male

12 (31)

11 (29)

Female

28 (69)

27 (71)

Physician

15 (38)

14 (38)

Pharmacist

25 (63)

24 (63)

Pediatrics

2 (5)

1 (3)

Family medicine

7 (18)

7 (18)

Other

6 (15)

6 (16)

25 (63)

24 (63)

Hospital

16 (40)

16 (42)

University

20 (50)

18 (47)

Primary care

4 (10)

4 (11)

Sex, n (%)

Health care professional, n (%)

Specialty, n (%)
Physician

Pharmacist
Master of Clinical Pharmacy
Practice field, n (%)

Figure 2 demonstrates the Delphi process, including the experts
involved in two Delphi rounds to obtain agreement on the
elements of asthma self-management and design of the
interactive narrative and serious game. Forty suggestions
identified in round 1 were summarized into 38 item statements
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using a four-point Likert scale, including part 1, which consisted
of elements of asthma self-management (25 items), and part 2,
which consisted of the design (13 items). Two experts declined
to participate in Delphi round 2; thus, the 38-item statements
were deployed to 38 experts.
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Figure 2. The Delphi process and content validity of the interactive narrative and serious game. Ave-CVI: average content validity index; CVI: content
validity index; I-CVI: item content validity index.

Content validity was assessed after the 38 responses were
collected, and consisted of the elements of asthma
self-management and design of the interactive narrative and
serious game (Table S2 in Multimedia Appendix 1). In total,
24 statements in part 1 and 13 item statements in part 2 had
I-CVI values of ≥0.8. The experts considered one statement
(item 16): (1) “explain the types of inhalers available in
Indonesia” to be not very relevant or not relevant, as this
statement had an I-CVI value of 0.76 (<0.80). This item had a
low I-CVI value because the experts explained that there were
many types of inhalers in Indonesia, which might contribute to
confusing the children. According to the panel’s suggestion,
this item was removed, and 24 acceptable items on the elements
of asthma self-management and 13 acceptable items on the
design of the interactive narrative and serious game were
retained. The agreement achieved among the experts resulted
in average CVI values of 0.92 (for the 24 items of asthma
self-management) and 0.99 (for the 13 items of the design), and
achieved a universal average CVI of 0.5 (Table S3 in
Multimedia Appendix 1). As item 16 was removed, we used a
metered-dose inhaler with a spacer in the narrative and game
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sessions to introduce general information on inhaler use for
children.

Phase 2: Create the Design of the Interactive Narrative
and Serious Game
Design of the Interactive Narrative
Figure 3 illustrates the plots and learning outcomes of the four
storylines. The target audience has to deal with asthma triggers
and write an asthma action plan during their cartoon adventure,
as structured in the storylines (Figure S3 in Multimedia
Appendix 2). Asthma information, purposes, characters, and
instructions are provided before the learners engage with the
narrative. This combination of strategies contains elements of
asthma self-management and supplements each other (Table
S1 in Multimedia Appendix 3). Plots were created to represent
asthma triggers, including a dirt road (dust and mold), a garden
(pollen), a kitchen (food allergies), and a park (cold weather).
Plot 1 was created to provide information on asthma triggers
encountered in daily activities, asthma signs and symptoms,
and emergency conditions and to help children become
acquainted with their previous asthma experiences. Plot 2 was
concerned with the importance of asthma medications,
J Med Internet Res 2021 | vol. 23 | iss. 9 | e28796 | p.979
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medication adherence, and a written asthma action plan. Plot 3
was designed to deliver information on proper inhaler techniques
and the importance of daily symptom observation. Plot 4
emphasized practicing proper inhaler use and strategies to obtain
support from their immediate environment. Each plot contained
a different ending to the story and achieved the represented goal

Sarasmita et al
by completing the plots without an asthma attack. The learners
were asked to repeat the narrative if they failed to achieve the
goal. Positive feedback from 3 experts was collected to
supplement the design of the narrative (Table S2 in Multimedia
Appendix 3).

Figure 3. The storyline and the learning objectives of the interactive narrative.

The visualization and expression of the characters were adjusted
for each plot. On the basis of the NEMD theory, construct
interactivity describes the availability of activities in the virtual
https://www.jmir.org/2021/9/e28796
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world, as visualized as a short trip to the grandmother’s house.
It represents the unique culture of Indonesian children visiting
their grandparents in a village during a religious holiday. The
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cartoon characters were designed as children and families with
positive attitudes, and the cartoon family was visualized as
gentle and caring to cover simulated interactivity. Learners are
able to choose one cartoon character with asthma and engage
with that character. Immediacy facilitates learners’ choice and
observation of all actions. In each plot, every choice matters,
and learners can decide their own options and compromise with
all of the resulting choices (Figure S3 in Multimedia Appendix
2). Music and daily conversations among cartoon characters
were added to provide fun and active learning.

Design of the Serious Game

Sarasmita et al
the component of a growth mindset. The learning objectives
were designed for each session of a serious game. Each session
represents the preferences of children as the target audience,
such as a cartoon protagonist, a colorful background, and
musical tones. Session 1 covers recognizing asthma signs,
symptoms, and emergency conditions. Session 2 encourages
players to combat asthma trigger monsters. Session 3 was
designed to recall knowledge by choosing the correct answer
from multiple-choice questions. Session 4 introduces proper
inhaler techniques, including how to correctly use, clean, and
store the inhaler. Session 5 focuses on practicing steps of
correctly using a metered-dose inhaler using a scenario.

Scientific Foundations
Figure 4 demonstrates a visualization of the serious game with
learning objectives, elements of asthma self-management, and
Figure 4. Game sessions, growth mindset, and the learning objectives.
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Design Foundations
Learning mechanics were integrated with the concept of a
growth mindset. Before beginning the game, players are able
to choose a character to represent themselves in game sessions.
Learning mechanics include avoiding skipping content,
embedding information through images, and providing feedback.
A cartoon pharmacist provides brief information about asthma
with an inserted link of images before entering each session to
avoid skipping content. The development of a growth mindset
is facilitated by ticking asthma difficulties on a checklist and
achieving goals in daily life before entering the game sessions.
Session 1 was designed to cope with asthma and increase
self-recognition. Session 2 aimed to increase self-confidence
and reduce fear of exposure to asthma triggers. Sessions 3 and
4 were constructed to improve the understanding of the disease
and medications and to achieve goals. Session 5 provides a
scenario to help a child use an inhaler with a spacer. After
playing sessions 1 and 2, players were asked to write feedback
and explain their experiences when experiencing an asthma
attack.
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The design requirements were transformed into components of
the growth mindset, as shown in Figure 4. The visualization
and screenshots were designed as a 2D game that facilitated the
ability to complete the challenges (Figures S4-S6 in Multimedia
Appendix 2). This game presents lock badges to reinforce the
difficulties and reward efforts required to finish one session
before playing the next session. Visual callouts appear to
increase excitement in each featured session. The serious game
also presents points and stars collected by the players on a score
screen after a session is completed. This serious game can be
applied directly (offline) on a computer. It is also available on
the web as an app that can be downloaded for free and played
on any Android PC, smartphone, or tablet (Figure S2 in
Multimedia Appendix 2) [29].
The game design template is described in Table 2, and the game
flow is illustrated in Figure 5. To facilitate problem solving for
learners with a fixed mindset, game mechanics were explicitly
applied in session 5. In session 5, players apply an inhaler with
a spacer, which presents the learning mechanics of selecting an
inhaler with a spacer, properly applying the inhaler,
understanding its use, and repeating the sequences.
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Table 2. Game design template.
Component

Description

Main purpose

•

Improve asthma self-management and encourage children to act as a manager of their disease

Genre

•

Casual game with puzzles, questions, and battle

Visual

•

Cartoon 2D game

Session 1

•

Matching words (making a line)

Session 2

•

Battle (shooting asthma trigger monsters)

Session 3

•

Questions and answers (select an option)

Session 4

•

Puzzle of inhaler (dragging, picking up puzzle pieces, and placing them on the puzzle board)

Session 5

•

A scenario (dragging an inhaler with a spacer)

Session 1

•

Drag and drop, anchor

Session 2

•

Fade, bullet, destroy outside, eight directions

Session 3

•

Drag and drop

Session 4

•

Drag and drop

Session 5

•

Drag and drop, pin

Number of characters

•

The player’s character and a cartoon pharmacist

Number of sessions

•

Five sessions

Type of enemies

•

Asthma trigger monsters (game session 2)

Type of weapons

•

Inhaler (game session 2)

Number of puzzles

•

Three puzzles (game session 4)

Rewards

•

Point and stars every time a player finishes a session

Growth mindset

•
•
•
•

Checklist of asthma difficulties
Checklist of goals in daily life
Writing about asthma experiences and feelings
A box with motivational text in each session

Winning condition

•

Finish each session and unlock the next session

Mastering the program

•

HTML5, Google Play Store

Image and audio files

•

Image format: 32-bit PNGa file

•

Audio files: 16-bit PCMb wav files

Game mechanics

Game behavior

Project scope

a

PNG: Portable Network Graphics.

b

PCM: pulse code modulation.
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Figure 5. Game flow.

Discussion
Principal Findings
This study describes the development and design of an
Indonesian culture-specific, computer-based asthma education
module for children, which comprises an interactive narrative
and a serious game. The Delphi consensus was used to gather
reliable and relevant perspectives and opinions systematically.
Two rounds of a Delphi study and content validity led to low
panel attrition and were considered appropriate to achieve
agreement [30]. From Delphi rounds 1 and 2, experts
emphasized the elements of asthma self-management and the
design that should be included in building storylines and game
challenges. The panel achieved agreement on 24 items of asthma
self-management and 13 items on the design of preferences.
The average CVI was acceptable for creating the interactive
narrative and serious game. The scientific foundations and expert
participatory action employed in this program were designed
to overcome the limitations of existing asthma educational tools
for children.
According to the 2020 Global Initiative for Asthma guidelines
[31], asthma education needs to be delivered at every visit,
which confirms that any educational asthma module for children
should emphasize the importance of self-management ability.
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The development of the ability to manage asthma in daily life
is highly recommended to enable children to successfully
manage their disease. The guideline recommendations for
asthma self-management are as follows: (1) identify asthma
triggers that may predispose one to an asthma attack, (2)
regularly determine an asthma action plan, (3) recognize asthma
symptoms, (4) avoid asthma triggers to prevent asthma attacks,
and (5) use proper inhaler techniques [27]. Children grow from
being dependent to independent adolescents who must manage
their asthma on their own; thus, knowledge, growth mindset,
and skills of practicing correct inhaler techniques are crucial to
asthma educational programs. The same five recommendations
listed above were also highlighted during the initial phase of
the Delphi technique and were used to develop the story lines
and challenges.
The NEMD theory and SERES framework were applied during
the second development phase to design the foundations of the
module and visualize the interactive narrative and serious game.
The interactive narrative presents lessons that are suitable for
school-aged children, and the computer-based asthma program
relies on the narrative to provide meaning to virtual engagement.
Unlike a conventional paper-based story, this study supports
active learning in the context of manipulating a plot based on
a learner’s decisions. It meets a learner’s needs and expresses
thoughts based on their personal asthma experiences. Four plots
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coherently contained elements of asthma self-management and
promoted positive attitudes. Although there was no punishment
or reward after learning, achieving these goals is important in
daily life.
The SERES framework was applied in several game
development studies, which showed that it was effective in
reducing learning barriers, such as perioperative anxiety and
pain among children [32]. A gamified e-learning module also
used the SERES framework to teach the adequate use of
personal protective equipment during the COVID-19 pandemic
[33]. This study proposes design foundations that encourage
children to customize a cartoon character with positive attitudes,
as visualized in the 2D journey to finish five sessions with a
locked badge. It represents self-representation and is important
for increasing their feelings and sense of relating to and
engaging with the system. Each visualization in the plots was
adjusted to the preferences of children and provided options to
deal with each consequence. Take-home messages are offered
to encourage children to adhere to asthma therapy and create a
written asthma action plan. Our findings also highlighted the
importance of achieving goals and providing feedback at the
end of each game session and after each narrative.
The unique learning goals and design provided by the interactive
narrative and serious game supplement each other, offering
exciting opportunities to educate children in solving their daily
problems. Several previous games [34,35] taught
self-management skills through the recognition of asthma
triggers and symptoms and the appropriate use of medications.
In this study, the MIRACLE program explicitly covered
comprehensive lessons on asthma education, including the
pathophysiology, recognition of asthma triggers and symptoms,
inhalation techniques, adherence to medications, and
compliance. Children usually lack a long attention span and
may have a low capacity to perceive terminology, limited
coping, and limited social support [36]. A comic-based asthma
educational program confirmed that children are highly
interested in fun, comprehensive learning games, and comics
accompanied by their parents [37]. Narratives in comic
visualization also convey illness experiences and reduce feelings
of fear [38]. A comprehensive learning tool with an enjoyable
design increases user satisfaction, improves perception and
acceptance, leads to acquisition of knowledge and skills, and
promotes behavioral changes to improve health-related outcomes
[39].
This study embedded the theory of cultivating a growth mindset
in a computer-based interactive narrative and serious game.
Compared with previous games that only included a simple
adventure genre [40,41], this serious game encompasses a
variety of fun gaming genres, such as adventure, quizzes,
puzzles, and a scenario to promote a growth mindset. Asthmatic
children face lifelong challenges, and a growth mindset can help
them overcome difficulties of the disease and accomplish tasks
[42]. Point rewards and badges as part of gamification are
essential for attracting children’s attention [43]. A previous
study that applied a computer-based neonatal resuscitation
training game for nursing students consisted of scenarios with
an increasingly difficult neonatal resuscitation activity in each
round [44]; it was designed to promote a growth mindset in
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terms of attitudes and performance. Provision of feedback and
challenges in developing a growth mindset are meaningful and
relevant to users. The combination of a growth mindset and
active learning can enhance children’s self-management skills
and the courage to live with asthma.
Generalizability of the MIRACLE program should be a concern
because of cultural and language-specific elements and design.
Its applicability should be tested in other settings and cultural
contexts before direct translation. As language barriers [45] and
a fixed mindset seem to contribute to poorer health outcomes
and knowledge in children, this study highlighted the importance
of developing games using the target users’ own language and
promoting a growth mindset by presenting challenges and
rewarding efforts. A culturally adapted translation and validation
of the elements are needed to address this issue. The concepts
and methodology, techniques for obtaining the elements,
storylines, and game mechanics can potentially be applied to
other clinical research in developing digital-based health
education for children in primary school with chronic diseases.

Limitations
This study did not involve participation by children, and thus,
actual children’s feedback on their preferences is lacking.
External validity remained unclear because no reliability testing
was performed. Despite the fact that the participation rate of
medical doctors in the expert panel was 50%, a limited number
of pediatricians agreed to participate. However, this study
consistently leveraged a wide range of perspectives on asthma
self-management. The involvement of primary care doctors and
pharmacists is important because of their crucial role in
providing information on proper inhaler techniques to patients
in clinical and community settings [46]. This computer-based
narrative game was developed using an Indonesian cultural
context, which in turn influenced the decisions of target
audiences in learning asthma self-management and adherence
to treatments. Cultural and religious beliefs, health literacy, and
life experiences have become limitations in directly translating
the MIRACLE program in other countries with different cultural
preferences. The Delphi method and content validity may be
warranted to adjust the cultural preferences of target audiences
to add or delete a few elements of asthma education. Practicing
inhaler techniques in this program solely through virtual learning
may be inadequate. Supplementing periodic real-time
demonstrations and practice by educators may be required to
overcome this limitation.

Further Research
Reliability testing and randomized controlled trials are urgently
needed to evaluate the effectiveness of this program and measure
the magnitude and retention of changes in health-related
outcomes among Indonesian children. The evaluation of
satisfaction with the game should be provided after completing
all game sessions. Feedback from parents and children could
also be acquired after the program was delivered. We propose
to evaluate asthma control and quality of life in children using
a translated and validated version of the Asthma Control
Questionnaire and Pediatric Asthma Quality of Life
Questionnaires in Bahasa Indonesia with permission from the
original author [47]. Correct inhaler use should be measured
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using a checklist adapted from the Indonesian Standard of
Community Pharmacy Practice [48]. Data before and after the
intervention should be measured and evaluated to provide a
preliminary overview of the effectiveness of this program among
children with asthma. The feedback generated can be used to
improve this computer-based program to better suit the needs
of children with asthma and their parents.

Contributions of the Study
This study provides an innovative method for delivering
effective asthma education in clinical practice. This may help
reduce communication barriers when delivering asthma
self-management and promoting medication adherence. Given
the cost and resources, this program was proposed to enhance
asthma self-management skills through an interactive and growth
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mindset–enhanced learning environment. Developing a growth
mindset may contribute to increased self-confidence and
problem solving to face asthma difficulties in daily life among
children, thus leading them to be successful managers of their
disease in the future.

Conclusions
A computer-based asthma self-management program composed
of an interactive narrative and a serious game was developed
in the Indonesian language to overcome the adversities of asthma
education in children. The participatory approach, scientific
framework, and culture-specific elements led to the successful
development of an interactive narrative and serious game at the
level of understanding and mindset of children.
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Abstract
Background: Alternative forms of cigarettes, such as electronic cigarettes (e-cigarettes), are becoming increasingly common
among adolescents. Many high schools now provide smoking-prevention education in an attempt to minimize the potential
negative health effects and illness burdens e-cigarettes may induce in adolescents. However, it is often difficult to motivate young
students to engage with traditional education regarding the harmful effects of tobacco; thus, the development of alternative
approaches may be required.
Objective: In this study, we aimed to conduct an acceptability evaluation of educational virtual reality games designed to support
smoking-prevention measures. We based the acceptability evaluation on the following two experience types: game-playing and
content-learning experiences. The paths by which these experience types affect the intention to abstain from smoking were also
examined.
Methods: We applied a prospective observational study design. We developed educational games based on three-dimensional
virtual reality technology, in which participants operated joysticks to complete challenge tasks. To increase the possibility of the
games fostering motivation to abstain from smoking, the ARCS motivational model (comprising attention, relevance, confidence,
and satisfaction) was used as a framework during the games’ design. We measured the participants’ game-playing experiences
by inquiring about the strength of the ARCS elements; content-learning experiences were measured using overall knowledge
improvement and the perceived persuasiveness of the content. A total of 130 students participated in the program. Study hypotheses
for this evaluation were derived from a literature review. We used partial least squares structural equation modeling to examine
the proposed hypotheses.
Results: Based on the responses of the students to questionnaire items concerning attention, relevance, confidence, and satisfaction
in the context of the games, most students agreed or strongly agreed that the educational games were motivational, and that their
game-playing experiences were positive. Regarding content-learning experiences, there was a significant improvement in
knowledge (t129=25.67, P<.001), and most students perceived themselves as being persuaded to abstain from smoking. Attention,
relevance, and satisfaction significantly influenced perceived persuasiveness (t=3.19, P<.001; t=4.28, P<.001; and t=3.49, P<.001,
respectively); however, confidence did not (t=0.42, P=.67). Perceived persuasiveness, relevance, and satisfaction significantly
influenced the intention to abstain from smoking (t=3.57, P<.001). In addition to directly affecting the intention to abstain from
https://www.jmir.org/2021/9/e28037
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smoking, indirect effects were observed from both relevance and satisfaction to intention via perceived persuasiveness (t=2.87,
P=.004 and t=2.11, P=.04, respectively). However, intention was not significantly influenced by knowledge improvement.
Conclusions: Our findings revealed that the educational games were positively accepted by the participating students. This
indicates that the integration of the ARCS framework and persuasive strategies is applicable for smoking-prevention education.
We recommend that the games be included as teaching materials for smoking-prevention education.
(J Med Internet Res 2021;23(9):e28037) doi:10.2196/28037
KEYWORDS
behavioral intention; ARCS motivation model; persuasiveness; smoking prevention; educational games

Introduction
Smoking causes approximately 7 million deaths worldwide
annually and is commonly associated with noncommunicable
diseases and disability [1]. Thus, smoking causes great harm to
human health, and it can have particularly pronounced adverse
effects among adolescents. Adolescence is a developmental
stage, and engaging in smoking during this period can impair
brain development [2]. In addition, adolescents can be prone to
early nicotine dependence symptoms, which can increase the
likelihood that they will be addicted to smoking in adulthood
[3].
According to the World Health Organization’s Framework
Convention on Tobacco Control, it is important to promote and
strengthen education and public awareness regarding the harms
associated with tobacco [4]. In recent years, the prevalence of
electronic cigarette (e-cigarette) use on campuses has rapidly
increased; this is occurring despite the fact that there are many
unanswered questions regarding the safety of e-cigarettes, such
as whether they represent a less-harmful substitute for traditional
cigarettes [5]. Further, their effectiveness as a means of
facilitating smoking cessation and their overall impact on health,
especially among adolescents, are also unclear [5]. Implementing
e-cigarette–prevention measures in schools could help to
minimize the potential negative health effects and illness
burdens e-cigarettes may induce in adolescents. One of the most
important school-based e-cigarette–prevention efforts is
educating young students regarding the toxic exposure, potential
risks, and health effects associated with e-cigarettes [6].
However, it is often difficult to motivate young students to
engage with traditional education regarding the harms associated
with tobacco; thus, the development of alternative approaches,
such as educational games, may be more effective in this regard.
The use of games for health promotion and illness prevention
is becoming increasingly common, and previous studies have
revealed that gaming-based approaches can promote health
behaviors among adolescents [7]. In the context of education,
game-based learning (GBL) can be a practical and effective
approach. Recently, immersive virtual reality (VR) has been
introduced as a medium for learning and teaching, and has had
a considerable influence in this regard [8]. Immersive VR allows
users to perform actions in a virtual environment and provides
opportunities for contextual practice [8]. Notably, conducting
GBL through immersive VR enables situational learning, with
learners using devices, such as helmets and joysticks, to observe
and interact with virtual educational scenes [9,10]. Its
characteristic of providing an interactive learning environment
https://www.jmir.org/2021/9/e28037
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means this approach could increase learners’ engagement with
the content. This is notable because researchers have suggested
that a lack of engagement may undermine learning effectiveness
[11]. Further, studies have found that it is important to present
engaging content as early as possible, and educational games
quickly engage young students [12]. Enhancing engagement
may increase the likelihood of favorable learning outcomes in
which learners develop sufficient motivation to perform the
target behavior [13]. This indicates that educational games may
be an effective alternative option or supplementary material for
smoking-prevention courses in schools.
In Taiwan, health education is a compulsory subject for high
school students, and smoking prevention is one of the mandated
learning contents stipulated in the national basic K-12 education
curriculum [14]. The present researchers developed VR games
to function as supplementary material for smoking-prevention
education. School teachers may integrate these games into health
education in a manner that suits their students and
circumstances. Despite the potential benefits of educational
games, the acceptability of educational VR games remains an
underresearched area. Consequently, this study concerns an
acceptability evaluation of educational VR games for smoking
prevention, rather than an evaluation of the effectiveness of
including VR games as part of a smoking-prevention program.
Enhancing the understanding of the acceptability of VR games
in this regard could help improve the design of such games and
learners’ engagement, thereby increasing the effectiveness of
the education.
In this study, we based the acceptability evaluation on the
following two experience types: game-playing and
content-learning experiences. We derived measures of
game-playing experiences from Keller’s ARCS (attention,
relevance, confidence, and satisfaction) motivation model [15].
To achieve effective learning, motivating learners is an
important first step; however, scholars have suggested that
motivation is unpredictable and changeable [16]. Thus, a
systematic method of identifying motivation is essential for
enhancing learning effectiveness. The ARCS motivation model
provides a framework for understanding motivation. According
to the ARCS model, learners who experience attention,
relevance, confidence, and satisfaction through a learning
process are likely to be motivated in regard to the educational
content in question [17,18]. Therefore, in this study, we applied
the ARCS model to assess students’ game-playing experiences.
We expected students to be motivated by playing the games,
and sought to determine their game-playing experiences through
ARCS assessment.
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Content-learning experiences are defined as the knowledge
obtained from educational material and the perceived
persuasiveness of educational material. Behavioral knowledge
is essential for behavior changes; without proper knowledge
and guidance, it can be difficult to adopt a specific behavior
[19]. However, knowledge alone is unlikely to generate behavior
change [20], and a more integrated approach is needed. Thus,
learners’ perceptions of the persuasiveness of content are also
important. The perceived persuasiveness of a system is an
estimation of its ability to motivate behavior change [21].

should produce both game-playing and content-learning
experiences, and these two types of experiences should influence
students’ intentions to abstain from smoking. Based on this, we
proposed the following hypotheses: hypothesis 1 (H1), attention
influences behavioral intention; hypothesis 2 (H2), relevance
influences behavioral intention; hypothesis 3 (H3), confidence
influences behavioral intention; hypothesis 4 (H4), satisfaction
influences behavioral intention; hypothesis 5 (H5), knowledge
influences behavioral intention; and hypothesis 6 (H6),
perceived persuasiveness influences behavioral intention.

Persuasive system design includes behavior change strategies
that support learners in attaining the target behavior. The
following four features have been suggested for persuasive
system design: task support (ie, self-monitoring), dialogue
support (ie, positive reinforcement), credibility (ie, conveying
trustworthiness), and social support (ie, provision of social
information) [22]. Scholars have suggested several behavioral
intervention strategies, such as providing information and
instructions to increase learners’ understanding and abilities to
achieve a goal, anticipation of barriers, monitoring and feedback,
social comparison, and rewards [23].

Our educational VR games were designed to not only be fun,
but also improve health. They represent digital persuasion agents
that affect learners’ engagement and, hopefully, motivate
learners to change their behaviors. Notably, effective learning
occurs through successful persuasion, which is a product of
positive changes in cognition and attitude [25]. Previous studies
have suggested that engagement with digital technology (in this
study, “game-playing experiences”) impacts the quality of users’
experiences with the technology [26]. Effective game-playing
experiences are necessary to enhance learners’ engagement with
the learning process. We propose that game-playing experiences
cause learners to engage with learning content, which
consequently creates a content-learning experience for the
learners. Thus, we developed the following hypotheses regarding
the influence of game-playing experiences on content-learning
experiences: hypothesis 1-1 (H1-1), attention influences
knowledge; hypothesis 1-2 (H1-2), attention influences
perceived persuasiveness; hypothesis 2-1 (H2-1), relevance
influences knowledge; hypothesis 2-2 (H2-2), relevance
influences perceived persuasiveness; hypothesis 3-1 (H3-1),
confidence influences knowledge; hypothesis 3-2 (H3-2),
confidence influences perceived persuasiveness; hypothesis 4-1
(H4-1), satisfaction influences knowledge; and hypothesis 4-2
(H4-2), satisfaction influences perceived persuasiveness. All
the hypotheses of the proposed model are summarized in Figure
1.

The educational VR games were designed to convey messages
relating to smoking prevention. In this context, effective content
learning should induce, among learners, enhanced knowledge
of smoking prevention and a higher likelihood (through
perceived persuasion) of adopting smoking-prevention
behaviors.
Educational games for health are designed to motivate
individuals to improve their health through implementing
behavior changes. In this study, the target change was
developing an intention to abstain from smoking. Behavioral
intentions have a strong causal impact on behavior [24], and
we expected that strengthening students’ intentions to abstain
from smoking would decrease their risk of adopting smoking
behaviors in the future. Students’ engagement with the games
Figure 1. The hypotheses of the proposed model.
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Methods
Participants and Recruitment
This study featured a prospective observational study design.
The participating students (1) were high school students, (2)
did not have any major chronic diseases (eg, asthma, heart
disease, and diabetes), (3) were not pregnant, (4) were willing
to comply with verbal instructions, and (5) were able to provide
written informed consent.

Guo et al
The educational VR games included a whack-a-mole game, a
wire loop game, a square baseball game, and a Taiko drum
game. Participating students wore a head-mounted display
(HMD), which enabled them to have immersive experiences
with 3D images. To complete the challenge tasks, the
participants interacted with the virtual environments through
the use of joysticks; they also received in-game guidance from
an avatar.

Measurements

We conducted this study among students from a high school in
Taipei City, Taiwan. The research team made an appointment
with the school personnel who were responsible for
implementing smoking-prevention measures on the school
campus. During the meetings, we distributed study information
and discussed with the school personnel potential barriers in
regard to the implementation of the materials. Once a consensus
was reached in regard to the manner by which the materials
would be implemented, the school personnel announced the
research project to students and distributed an information sheet.
Students who were willing to participate were informed by the
school personnel that the research sought to measure students’
responses toward educational games. Participating students
received a small gift as compensation for their contribution to
smoking-prevention research.

We used questionnaires to collect research data; these data
included the students’ background information, their perceived
acceptability of the VR games, and their intention to abstain
from smoking. The questionnaires were reviewed by four
professionals, including two senior health-education teachers,
one professor of health education, and one professor of nursing.
We used the content validity index (CVI) to evaluate whether
the items were appropriate for measuring the study concepts;
only items with CVI values >0.80 were retained [27]. One item
pertaining to confidence, “I found the games difficult,” was
deleted because of low factor loading (<0.6). This question was
the only reverse-scored item in the questionnaire, which may
have been the reason for the low factor loading.

Design of the Educational VR Games

We collected background information for each participant,
including their sex, age, whether they lived with both parents,
their personal smoking experience, and their parents’ and peers’
smoking status. We performed the acceptability evaluation by
measuring their game-playing and content-learning experiences.
We expected that these experiences would strengthen the
students’ intention to abstain from smoking. Thus, the primary
outcome of this study was students’ intention to abstain from
smoking, which was measured using two items; these were
scored using a Likert-type scale ranging from 1 (“strongly
disagree”) to 5 (“strongly agree”), with higher scores indicating
higher levels of intention. The study variables, corresponding
items, and convergent validity values are presented in Table 1.

We designed the educational VR games to function as
supplementary material for smoking-prevention education. The
theoretical concepts underlying the educational games’ designs
are depicted in Multimedia Appendix 1. We based the games’
designs on the ARCS model of motivation (Multimedia
Appendix 1); this model was developed by Dr John Keller [15],
who designed the model to identify the important contributors
to students’ motivation. In addition, we presented the motivating
concepts in the educational games in a manner that allowed
them to correspond with specific persuasive strategies.
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Table 1. Study variables, corresponding items, and convergent validity.
Experiences and variables

Corresponding items

Factor loading

CRa

AVEb

0.93

0.77

0.87

0.62

0.80

0.57

0.86

0.61

1.00

1.00

0.91

0.70

0.95

0.91

Game-playing experiencesc
Attention
Atten 1

The games’ virtual reality scenes were eye-catching.

0.86

Atten 2

The educational games provoked my curiosity.

0.87

Atten 3

The interactional elements of the games held my attention.

0.90

Atten 4

The educational games were fun to play.

0.88

Relevance
Relev 1

The content presented in the games was relevant to my needs.

0.84

Relev 2

The content presented in the games was relevant to my interests.

0.66

Relev 3

The content presented in the games was useful to me.

0.76

Relev 4

I was familiar with the content presented in the games.

0.87

Confidence
Confi 1

I was confident I could complete the tasks in the games.

0.71

Confi 2

My successes in the games were a result of my own efforts.

0.70

Confi 3

I could effectively operate the joysticks to interact with the virtual
reality scenes.

0.86

Satisfaction
Satis 1

I could apply the content conveyed in the games in real life.

0.80

Satis 2

I benefitted by playing the games.

0.76

Satis 3

I felt a sense of accomplishment after finishing the tasks in the
games.

0.82

Satis 4

I was satisfied with my performance in the games.

0.73

Content-learning experiencesd
Knowledge improvement

Fifteen true/false type questions related to smoking prevention were 1.00
used to measure knowledge. Improvement was defined as postscore
minus prescore.

Perceived persuasiveness
Persu 1

The games enhanced my awareness of smoking prevention.

0.82

Persu 2

The games enhanced my concern regarding smoking prevention.

0.81

Persu 3

The games enhanced my understanding of smoking-prevention
methods.

0.86

Persu 4

The games enhanced my self-efficacy in regard to practicing
smoking-prevention skills.

0.86

Intention to abstain from
smoking

a

Inten 1

The content of the games has made me consider abstaining from
smoking.

0.95

Inten 2

In the future, I will abstain from smoking by using the content of
the games as a reference.

0.96

CR: composite reliability. The CR criterion was >0.7 [26].

b

AVE: average variance extracted. The AVE criterion was >0.5 [26].

c

Motivation concepts were used to measure the game-playing experiences.

d

Knowledge improvement and perceived persuasiveness were used to measure the content-learning experiences.
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Acceptability Evaluation: Game-Playing Experiences
We designed the educational games to improve students’
motivation. Therefore, we used motivation concepts (ARCS)
to measure the game-playing experiences. Specifically, this
study intended to examine the educational VR games’
effectiveness as a teaching medium in terms of the games’
ability to focus learners’ attention, stimulate learning confidence,
and effectively improve learning satisfaction. We based the
measurement items on existing conceptualizations of the ARCS
motivation model [13]. Attention was defined as follows:
“Students’ attention is directed to the stimuli, and their interest
is maintained over time.” Relevance was defined as follows:
“Students perceive the contents as being related to their real-life
experiences.” Confidence was defined as follows: “Confident
students attribute their successes in the games to their own
ability and efforts.” Satisfaction was defined as follows:
“Students perceived the education as inducing internal feelings
of satisfaction.” We measured each aspect using four items, all
of which were scored using a Likert-type scale ranging from 1
(“strongly disagree”) to 5 (“strongly agree”), with higher scores
indicating higher levels of motivation. Details of the ARCS
measures are shown in Table 1.

Acceptability Evaluation: Content-Learning Experiences
In addition to motivating students through game-playing
experiences, we expected that the educational VR games would,
through content-learning experiences, influence the students’
perspectives of smoking. The strength of the content-learning
experiences was measured by examining knowledge
improvement and perceived persuasiveness.
To measure knowledge improvement, we presented 15
true/false-type questions related to smoking prevention to the
participants. Through administering pretests and posttests, we
determined changes in the participants’ scores between the
pre-experiment and postexperiment periods.
Perceived persuasiveness was defined as students’ awareness
of and concern regarding smoking prevention, as well as their
understanding of and self-efficacy regarding practicing
preventive skills. We used four items to measure perceived
persuasiveness (Table 1), with higher scores indicating higher
levels of perceived persuasiveness.

Data Collection Procedure
This study received approval from the Research Ethics Review
Committee of En Chu Kong Hospital (ECKIRB1090401). All
of the participating students expressed their approval of the
study and provided written informed consent. First, research
staff gave the participants brief instructions regarding the
educational VR games. Then, before playing, students completed
a questionnaire that measured their knowledge of smoking
prevention. The research staff then gave the students guidance
regarding how to use the HMDs and joysticks, which enabled
them to have immersive interactive experiences with 3D images.
Students who agreed to participate in the research received the
educational VR games to be played outside of class. The
students were allowed to play the games freely; there was no
fixed order regarding the games played. It takes about 35 to 45
minutes to complete the educational tasks. Health education is
https://www.jmir.org/2021/9/e28037
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a compulsory course in Taiwan. Substance use prevention,
including smoking prevention, is one of the required topics of
the course. However, these students did not receive a similar
course during the research. They learned about substance use
prevention during a different semester. Research staff were
present while the students completed the games, but did not
provide any oral instructions. Once the students completed the
educational games, the research staff provided them with a
structured questionnaire that evaluated the acceptability of the
games and their intention to abstain from smoking.

Data Analysis
We performed statistical analysis using SPSS 23.0 (IBM Corp).
The participants’ characteristics were described using numbers
and percentages. Means and standard deviations were used to
represent the variables associated with the games’ acceptability.
To examine the proposed hypotheses, we conducted partial least
squares structural equation modeling (PLS-SEM) using the
SmartPLS v3.0 program (SmartPLS GmbH); this approach was
chosen because PLS-SEM is suitable for creating exploratory
models and for research involving small sample sizes [28].
Using parameters with a significance level of .05, a statistical
power of 80%, and an R2 value of at least 0.25, the suggested
sample size was 75 for the maximum number of six arrows
pointing to a latent variable in the model [29]. Thus, a sample
size of 130 in this study was sufficient.
PLS-SEM does not presume that the data are normally
distributed. The process of bootstrapping involves repeated
random sampling with replacement from the original sample to
create a bootstrap sample. Using bootstrapping assumes that
the sample distribution is a reasonable representation of the
intended population distribution. The minimum number of
bootstrap samples is 5000 [28]. The bootstrap sample enables
the estimated path coefficients in PLS-SEM to be tested for
their significance. Significant paths showing the hypothesized
direction empirically supported the proposed relationship.
We conducted PLS-SEM in the following two steps: (1)
assessment of the reliability and validity of the measurement
model, which was used to test the relationships between each
latent variable and its indicators; and (2) assessment of the
structural model, through which estimates were provided for
the path coefficients, which represented the hypothesized
relationships among the latent variables in the proposed model
[30,31].

Measurement Model
We examined the convergent and discriminant validity in order
to verify that the latent variables (the game-playing and
content-learning experiences and intention to abstain from
smoking) were valid and reliable.
Convergent validity can be determined by considering composite
reliability (CR) and average variance extracted (AVE) values.
To meet the convergent validity and reliability requirements
for the model, CR should be greater than 0.7 [32] and AVE
should be greater than 0.5 [28]. We used CR to evaluate the
construct measures’ internal consistency reliability. Using CR
to measure internal consistency reliability meant that the
PLS-SEM could accommodate different indicator reliabilities
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and that the underestimation associated with Cronbach α was
avoided [28]. Meanwhile, AVE indicates the latent variables’
accounted variance from the study measures, and higher AVE
values indicate higher accounted variance.
To establish discriminant validity, we examined the
Fornell-Larcker criterion [28] and the heterotrait-monotrait
(HTMT) [32]. To satisfy the Fornell-Larcker criterion, the
square root of the AVE for each variable should exceed the
correlation of the latent variables [28]. Meanwhile, for the
HTMT, values of <1.00 indicate discriminant validity [32].

Structural Model
PLS-SEM indicates explained variances for the latent variables
through R2 (coefficient of determination), which describes levels
of predictive accuracy. Estimates (β coefficient) were provided
for the path coefficients to indicate the strength of the
relationship between the latent variables [31].

Guo et al
To test the significance of the relationship between the latent
variables, we estimated t values and reported their corresponding
P values [31]. We used the standardized root mean square
residual (SRMR) to test the model’s fit (<0.08 indicates a good
fit [32]).

Results
Participants’ Characteristics
The participants (N=130) comprised 57 (43.8%) male and 73
(56.2%) female students. The mean age of the sample was 16.64
years, and most participants (113/130, 86.9%) were under 17
years of age. Over half (102/130, 78.5%) lived with both parents.
Approximately 20.8% (27/130) of the students had experience
of smoking; this included any tobacco product or e-cigarette.
Over 30% had family members (45/130, 34.6%) and close
friends (41/130, 31.5%) who were smokers (Table 2).

Table 2. Participants’ characteristics (N=130).
Characteristic

Value

Sex, n (%)
Male

57 (43.8)

Female

73 (56.2)

Age (years), mean (SD)

16.64 (0.73)

Age group (years), n (%)
≤17

113 (86.9)

≥18

17 (13.1)

Household status, n (%)
Live with both parents

102 (78.5)

Other

28 (21.5)

Have you ever smoked? (any tobacco product or e-cigarette), n (%)
Yes

27 (20.8)

No

103 (79.2)

Do any of your family members smoke?, n (%)
Yes

45 (34.6)

No

85 (65.4)

Do any of your close friends smoke?, n (%)
Yes

41 (31.5)

No

89 (68.5)

Game-Playing and Content-Learning Experiences
We applied the following two measures to examine the
acceptability of the games: game-playing and content-learning
experiences. Table 3 shows the distribution of ARCS elements
(representing game-playing experiences), knowledge
improvement and perceived persuasiveness (representing
content-learning experiences), and intention to abstain from
smoking (outcome). The item average scores for these variables
(defined as the total score divided by the number of items)
revealed that the participants provided positive responses. The
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ARCS-related responses indicated that most students agreed or
strongly agreed that the educational games were motivational.
The item average scores for attention, relevance, confidence,
and satisfaction were all approximately 4 (measured using a
Likert-type scale ranging from 1 to 5; scores for the four
variables ranged from 3.95 to 4.19). There was a significant
improvement in knowledge, with a mean difference of 2.97
between pretest and posttest (t129=25.67, P<.001). Most students
indicated that they were persuaded, with an item average score
of 4.28 points (determined using a Likert-type scale ranging
from 1 to 5).
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Table 3. Descriptive results for the acceptability evaluation and intention to abstain from smoking.
Game-playing experiences

Item average scores

Sum of mean scores

SD

Attention (four items)

4.19

16.76

2.75

Relevance (four items)

3.95

15.78

2.70

Confidence (three items)

4.03

12.08

1.84

Satisfaction (four items)

4.10

16.38

2.52

Knowledge improvement (postscore−prescore)

N/Aa

2.97b

1.39

Perceived persuasiveness (four items)

4.25

17.00

2.48

4.18

8.36

1.85

ARCS

Content-learning experiences

Outcome measure
Behavioral intention (two items)
a

N/A: not applicable.

b

Mean score for the difference between pretest and posttest.

Measurement Model Assessment

suggested that the proposed measurement model was reliable
and valid.

We established the convergent validity of the latent variables
through consideration of CR and AVE. All variables in the
model displayed acceptable internal consistency, as evidenced
by the fact that their CR scores were greater than 0.7 (ranging
from 0.80 to 0.96), and all AVE values were higher than 0.5
(ranging from 0.57 to 0.92). Thus, it was concluded that the
model had satisfactory convergent validity (Table 1). The values
of these indices satisfied the recommended criteria and

As shown in Tables 4 and 5, we established the discriminative
validity using the Fornell-Larcker criterion and HTMT. The
Fornell-Larcker criterion was satisfied, as the square root of
AVE for each variable exceeded the correlation of the latent
variables. Almost all of the HTMT values were <1.00 [32], with
one of the HTMT values being 1.06, indicating that this criterion
was acceptable.

Table 4. Results for the Fornell-Larcker criterion.
Variable

Attention

Relevance

Confidence

Satisfaction

Knowledge

Perceived per- Behavior intensuasiveness
tion

0.88a,b

0.61

0.59

0.65

0.05

0.66

0.42

0.61

0.79

0.60

0.62

−0.03

0.70

0.49

0.59

0.60

0.76

0.76

0.05

0.62

0.41

0.65

0.62

0.76

0.78

0.01

0.70

0.51

0.05

−0.03

0.05

0.01

1.00

−0.01

0.03

0.66

0.70

0.62

0.70

−0.01

0.84

0.60

0.42

0.49

0.41

0.51

0.03

0.60

0.95

Attention
Latent variable correlation
Relevance
Latent variable correlation
Confidence
Latent variable correlation
Satisfaction
Latent variable correlation
Knowledge
Latent variable correlation
Perceived persuasiveness
Latent variable correlation
Behavior intention
Latent variable correlation
a

In SmartPLS output, average variance extracted is calculated and written on the diagonal of the table.

b

There are no P values to provide.
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Table 5. Results for the heterotrait-monotrait ratio of correlations.
Variable

Attention

Relevance

Confidence

Satisfaction

Knowledge

Perceived per- Behavior intensuasiveness
tion

N/Aa,b,c

0.70

0.77

0.76

0.06

0.75

0.46

0.70

N/A

0.82

0.74

0.07

0.83

0.56

0.77

0.82

N/A

1.06

0.06

0.83

0.52

0.76

0.74

1.06

N/A

0.03

0.84

0.59

0.06

0.07

0.06

0.03

N/A

0.04

0.03

0.75

0.83

0.83

0.84

0.04

N/A

0.67

0.46

0.56

0.52

0.59

0.03

0.67

N/A

Attention
Value
Relevance
Value
Confidence
Value
Satisfaction
Value
Knowledge
Value
Perceived persuasiveness
Value
Behavior intention
Value
a

N/A: not applicable.

b

The heterotrait-monotrait ratio is the geometric mean of the heterotrait-heteromethod correlations (ie, the correlations of indicators across constructs)
divided by the average of the monotrait-heteromethod correlations (ie, the correlations of indicators within the same construct).
c

There are no P values to provide.

Structural Model Assessment
The model exhibited adequate correspondence with the data
(SRMR=0.075). To assess the structural model, we used the R2
values and the path coefficients as the essential measures. As
shown in Figure 2, the four latent variables of ARCS (attention,
relevance, confidence, and satisfaction) accounted for 63.7%

of the variance in perceived persuasiveness. However, these
four latent variables accounted for only 1.1% of the variance in
knowledge improvement. Overall, the four latent variables of
ARCS, perceived persuasiveness, and knowledge improvement
accounted for 38.2% of the variance in the intention to abstain
from smoking.

Figure 2. Model for acceptability evaluation of educational virtual reality games.
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Regarding the path analysis, Table 6 lists the path coefficients
and P values for each hypothesis. The results of the hypothesis
test showed that six of the 14 hypotheses were supported. These
six supported hypotheses postulated that the three latent
variables of attention, relevance, and satisfaction significantly
influenced
perceived
persuasiveness
(H1-2:
path
coefficient=0.23, t=3.19, P<.001; H2-2: path coefficient=0.35,
t=4.28, P<.001; H4-2: path coefficient=0.31, t=3.49, P<.001).
Only confidence did not influence perceived persuasiveness
(H3-2: path coefficient=0.04, t=0.42, P=.67). In addition,
relevance, satisfaction, and perceived persuasiveness
significantly influenced the intention to abstain from smoking
(H2: path coefficient=0.26, t=2.39, P=.02; H4: path

Guo et al
coefficient=0.34, t=3.07, P=.002; H6: path coefficient=0.45,
t=3.57, P<.001). In contrast, intention was not significantly
influenced by knowledge improvement (H5: path
coefficient=−0.06, t=1.31, P=.19).
In addition to the direct effect on the intention to abstain from
smoking, an indirect effect was observed from relevance to
intention via perceived persuasiveness (indirect effect, t=2.87,
P=.004). Further, another indirect effect was observed from
satisfaction to intention via perceived persuasiveness (indirect
effect, t=2.11, P=.04). Finally, although not directly affecting
the intention to abstain from smoking, attention showed an
indirect effect on intention via perceived persuasiveness (indirect
effect, t=2.16, P=.03).

Table 6. Results of hypothesis tests.
Hypothesis

Hypothesized paths

Original coefficient

Bootstrapped
coefficient

t

P value

Path support

H1

Attention → behavioral intention

0.06

0.06

0.51

.61

No

H2

Relevance → behavioral intention

0.27

0.26

2.39

.02

Yes

H3

Confidence → behavioral intention

−0.05

−0.04

0.42

.68

No

H4a

Satisfaction → behavioral intention

0.34

0.34

3.07

.002

Yes

H5

Knowledge → behavioral intention

−0.07

−0.06

1.31

.19

No

H6a

Perceived persuasiveness → behavioral
intention

0.44

0.45

3.57

<.001

Yes

H1-1

Attention → knowledge

0.13

0.12

0.78

.44

No

H1-2a

Attention → perceived persuasiveness

0.22

0.23

3.19

<.001

Yes

H2-1

Relevance → knowledge

−0.11

−0.10

0.92

.36

No

Relevance → perceived persuasiveness

0.35

0.35

4.28

<.001

Yes

H3-1

Confidence → knowledge

0.01

0.01

0.06

.95

No

H3-2

Confidence → perceived persuasiveness 0.04

0.04

0.42

.67

No

H4-1

Satisfaction → knowledge

−0.09

0.50

.62

No

H4-2a

Satisfaction → perceived persuasiveness 0.31

0.31

3.49

<.001

Yes

a

H2-2

a

a

−0.09

Paths with significant coefficients.

Discussion
Acceptability Evaluation
In this study, we aimed to evaluate the acceptability of
smoking-prevention–focused educational VR games among
high school students. We measured acceptability based on the
following two aspects: game-playing and content-learning
experiences. As motivation is essential for effective learning
[33], we adopted the ARCS motivation model as a framework
for examining the students’ game-playing experiences. Our
findings indicated that the educational games invoked a
noticeable degree of learning motivation. Based on the responses
of the students to the ARCS-related items, most students agreed
or strongly agreed that the educational games were motivational.
Many researchers have applied the ARCS model as a framework
for instructional design, and the efficacy of the ARCS
framework for enhancing students’ motivation has been
validated [34,35]. Further, a previous study supported the
https://www.jmir.org/2021/9/e28037
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effectiveness of applying the ARCS framework in the context
of learning activities by successfully using it in a randomized
controlled trial [36]; the applicability of the ARCS framework
for new digital technology, such as mobile augmented reality,
has also been proven [37]. Our findings are consistent with
those of previous studies and revealed that the educational games
could function as supplementary material that engages students
and motivates them to learn. The content-learning experiences
included in the games comprised knowledge improvement and
perceived persuasiveness. We found that the students’
knowledge had significantly improved as a result of playing the
VR games. Further, similar to the item average scores for ARCS,
most students agreed or strongly agreed that the games had
persuaded them to improve their attitudes regarding smoking
prevention.
We used persuasive strategies in the design of the
human-computer interactions in the games. Several persuasive
strategies have been suggested across previous studies [38,39];
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however, our findings indicate that strategies concerning
competition, self-awareness, feedback, social comparison, and
reinforcement are effective in the context of smoking prevention
among high school students. Our findings also revealed that the
games’ content-learning experiences were influenced by the
game-playing experiences. Researchers have emphasized that,
to achieve favorable learning outcomes, effective engagement
should be pursued over mere passive engagement [40];
theoretically, the students who played our games were motivated
to learn through ARCS experiences [41]. The ARCS framework
comprises not only instructional approaches to motivate
students, but also preliminary elements of effective content
learning. We expected that motivated students would show
better results in terms of content learning (ie, knowledge
improvement and perceived persuasiveness). The study findings
consequently showed that attention, relevance, and satisfaction
had notable effects on content learning, but confidence did not.
Specifically, for the educational games, students who reported
high levels of attention, relevance, and satisfaction perceived
themselves as being persuaded. Persuasion is a process that
concerns changing or reinforcing attitudes or behaviors [24].
Our educational games were designed to discourage students
from smoking by reinforcing nonsmoking attitudes and
behaviors. In other words, we tried to influence students’
behaviors through messages conveyed in the games. After
playing the games, the students reported increased awareness
of and concern regarding smoking prevention. In addition, their
understanding and self-efficacy in relation to practicing
preventive skills were enhanced.
Our findings revealed that only some of the four aspects of
motivation (ARCS) contribute to perceived persuasiveness,
namely, attention, relevance, and satisfaction. Similar to our
findings, attention and relevance have previously been found
to be associated with overall persuasiveness [21]. Thus, the
present and existing findings imply that, in order to effectively
persuade learners, the inclusion of attention and relevance in
game design should be prioritized. Further, we found that
students who were satisfied with the educational games tended
to be persuaded, indicating that satisfaction should also be
included in future game design. In contrast, confidence was not
an influencing factor; a possible reason for this is that students
felt the game tasks were not very challenging and were easy to
complete. Some students suggested speeding up the games or
increasing the difficulty or number of levels.
The ARCS experiences did not have significant effects on
knowledge improvement. In other words, students’ levels of
knowledge were not influenced by the game-playing
experiences. A possible reason the games nevertheless induced
significant knowledge improvement is that the students received
written materials while they were waiting in line to play the
educational games. Our findings indicate the necessity of
integrating other learning strategies into educational games in
order to obtain knowledge improvement. As the games function
as supplementary material for smoking-prevention education,
game playing alone may not be sufficient to influence
knowledge. Further, there are conflicting findings in the
literature regarding the association among knowledge, positive
attitudes, and intent to take action [42,43]. The structural model
https://www.jmir.org/2021/9/e28037
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revealed that knowledge improvement does not influence the
intention to abstain from smoking. Consequently, in addition
to knowledge of the hazards of smoking, we recommend, for
future game development, the inclusion of an emphasis on
changing attitudes regarding smoking [44]. However, the gap
between knowledge and behavior intention requires further
study. Knowledge improvement was viewed as a mediator in
the proposed model. Considering knowledge improvement as
parallel to behavioral intention rather than a mediator is an idea
for further studies.
Once a student’s learning motivation is aroused, how does the
level of motivation affect subsequent attitude changes or the
achievement of learning objects? We examined this mechanism
by analyzing the path from ARCS elements to intention to
abstain from smoking. The results revealed that the four aspects
of motivation (ARCS) had different influencing paths to
intention. In addition to directly influencing students’ intention
to abstain from smoking, relevance and satisfaction had indirect
effects on intention via perceived persuasiveness. Although the
level of attention did not directly influence intention, it had an
indirect effect on intention via perceived persuasiveness. These
findings indicate that perceived persuasiveness has mediating
effects on motivation’s influence on intention. To discourage
students from smoking, along with fostering their motivation
to learn, perceived persuasiveness should be taken into
consideration.

Implementation
Future efforts to design educational games should incorporate
theoretical frameworks that can advance the understanding of
the influencing mechanisms for motivation. In this research,
we proposed the integration of the ARCS framework and
persuasive strategies, and the PLS-SEM results consequently
revealed that game-playing experiences that are based on the
ARCS framework have direct effects on persuasiveness. Future
educational game–focused research could adopt this integrative
approach.
Second,
teaching
staff
who
provide
smoking-prevention education in schools could seek to make
these VR games as accessible for students as possible, such as
through holding activities in fair stalls on school days or during
orientation for first-year students. Interesting games can be used
to increase students’ awareness of smoke-free campus policies
and strengthen students’ commitment to abstain from smoking.
Finally, knowledge alone is unlikely to generate behavioral
intention; thus, designers of smoking-prevention activities
should seek to expand their focus beyond the improvement of
knowledge. In addition, a possible problem with true/false
questions is that respondents can easily guess the correct answer
[45]. Multiple choice questions should be adopted in the future
to measure knowledge.

Limitations
There are several limitations in this study. First, our investigation
of the influencing paths for behavior intention was performed
in the context of smoking prevention (an unhealthy behavior).
While we were certain of the applicability of the ARCS
framework and persuasive strategies to educational games that
focused on such behaviors, the findings may not be fully
generalizable to contexts concerning healthy behaviors. Thus,
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they should be applied with caution. Second, we could not
determine the separate effects of each educational game on
behavioral intention, as the participants’ game-playing
experiences were obtained as a whole, rather than in terms of
each type of game. Third, we could not validate the intervention
effects of the educational games, as no comparison group was
involved. Finally, one of the HTMT values was larger than 1.00.
This implies that two latent constructs may be conceptually
similar. Despite these limitations, this study, which was intended
as an acceptability evaluation, elaborated on the mechanisms
of game-playing and content-learning experiences in the context
of behavior intention. We recommend that this experiment
design be adopted in future endeavors.

Guo et al

Conclusion
In this study, we evaluated the acceptability of educational VR
games for use in smoking-prevention education for high school
students. Our findings revealed that the educational games were
positively accepted by the participating students, and that the
integration of the ARCS framework and persuasive strategies
is an applicable approach for smoking-prevention education.
The ARCS framework was significantly associated with
perceived persuasiveness, and perceived persuasiveness has
direct effects on the intention to abstain from smoking. We
recommend that the games be included as teaching material in
smoking-prevention education.
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Abstract
Background: Early warning tools identify patients at risk of deterioration in hospitals. Electronic medical records in hospitals
offer real-time data and the opportunity to automate early warning tools and provide real-time, dynamic risk estimates.
Objective: This review describes published studies on the development, validation, and implementation of tools for predicting
patient deterioration in general wards in hospitals.
Methods: An electronic database search of peer reviewed journal papers from 2008-2020 identified studies reporting the use
of tools and algorithms for predicting patient deterioration, defined by unplanned transfer to the intensive care unit, cardiac arrest,
or death. Studies conducted solely in intensive care units, emergency departments, or single diagnosis patient groups were
excluded.
Results: A total of 46 publications were eligible for inclusion. These publications were heterogeneous in design, setting, and
outcome measures. Most studies were retrospective studies using cohort data to develop, validate, or statistically evaluate prediction
tools. The tools consisted of early warning, screening, or scoring systems based on physiologic data, as well as more complex
algorithms developed to better represent real-time data, deal with complexities of longitudinal data, and warn of deterioration
risk earlier. Only a few studies detailed the results of the implementation of deterioration warning tools.
Conclusions: Despite relative progress in the development of algorithms to predict patient deterioration, the literature has not
shown that the deployment or implementation of such algorithms is reproducibly associated with improvements in patient
outcomes. Further work is needed to realize the potential of automated predictions and update dynamic risk estimates as part of
an operational early warning system for inpatient deterioration.
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Introduction
Background
In recent years, proactive clinical processes have been developed
to target timely and appropriate care for deteriorating or
high-risk patients. Emergency responses such as Rapid Response
Systems have been implemented with the aim to intervene and
avoid preventable death, cardiac arrest, or transfer to an intensive
care unit (ICU) in adult [1-3] and pediatric [4,5] patients. These
systems have evolved to consist of a recognition (afferent) limb,
commonly known as early warning scores (EWSs), and a
response (efferent) limb (escalation and intervention). The
responders rely on an accurate recognition limb, which in turn
relies on a combination of empirical rules, statistical models,
and clinical judgment to recognize deterioration. Initial EWSs
were limited to vital signs, as these were the only routinely
collected physiological data available for analysis in real time.
The EWSs are currently available as paper or digital tools and
vary significantly in their modeling, design, and escalation
guidance [3,6-10].
The growth of rich, detailed, and dynamic clinical digital
documentation in electronic medical records (EMRs) raises the
possibility of using a broader range of clinical data, including
pathology and diagnoses. An EMR collects the detailed
phenotype of the patient in real time. Data collected, such as
previous history, comorbidities, and demographic descriptors,
are static during an admission. Observations of dynamic
processes such vital signs, clinical measurements, imaging, and
laboratory results that document biological and pathological
processes are also recorded and continuously updated. Further
evolving diagnoses, events, and interventions (eg, operations
and drugs that are administered) capture the changing status of
a patient. Finally, a rich source of dynamic information lies in
the metadata: the timing, frequency, and location of actions and
observations that occur to the patient and patient movements
in the system. These data enable refined predictive models and
more effective, patient-specific treatments. To create clinical
decision support, these data must be analyzed and risk
interpreted, and then critically, the clinical decision support
communicating this real-time risk needs to be engineered back
into the routine clinical workflows of the clinicians caring for
the patient.
There is a diversity of models for predicting patient
deterioration. Some risk estimates are static systems that identify
high-risk patients at the time of diagnosis and allow triage of
patients to a higher intensity care destination. Other approaches
use vital sign observations to maintain an up-to-date risk
evaluation. Typically, these dynamic systems either identify an
extreme singular derangement or use weighted sums of a few
vital signs and their variation from normal values. In both
situations, the likelihood of deterioration and poor outcome
anticipated with worsening values is increased. In some cases,
these models have been developed and validated only for
https://www.jmir.org/2021/9/e28209
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specific and narrow patient groups [11-13], whereas other
general models are applicable to wider adult or pediatric ward
patients [3-5,10,14].

Objectives
The aim of this review is to identify studies conducted within
a general hospital setting that have attempted to develop
prediction algorithms for detecting a deteriorating ward patient
in real time, based primarily on routinely collected EMR data.
This review includes model statistical validation and, where
available, the results of digital hospital implementation of new
or existing prediction models or rule-based systems for
predicting patient deterioration. A secondary aim is to review
those successful examples for common data elements,
approaches, and statistical or machine learning techniques that
were associated with successful clinical use.

Methods
This review followed the recommendations of the Center for
Reviews and Dissemination [15] and PRISMA (Preferred
Reporting in Systematic Reviews and Meta-Analyses) [16].

Data Sources and Search Strategy
A systematic search of PubMed, Scopus, Web of Science, IEEE
Xplore, and ACM Digital Library using a combination of
controlled vocabulary (eg, MeSH [Medical Subject Headings]
terms) and free text keywords was conducted. The search
strategy was first developed for PubMed, guided by the
recommendations of Hausner et al [17] and Fatehi et al [18],
and transposed to other databases. Across databases, free text
keywords remained the same, but controlled vocabulary was
mapped where possible (eg, from MeSH to Index Terms). The
search was limited by language (English), date of publication
(January 1, 2008, to June 30, 2020) and type of publication
(original papers).

Screening and Study Selection
Reports that have developed prediction algorithms for detection
of clinical patient deterioration in real time, primarily based on
routinely collected patient data, were identified. The included
studies had to (1) use any kind of (electronic) patient record,
(2) use an early warning tool for patient deterioration, (3) use
of a system that was dynamic, or observations of a patient over
time, and (4) document the model statistical accuracy and
performance. The studies were peer reviewed and published in
journals or conference proceedings. The focus of this review
was on tools in a general hospital ward and in a real time setting.
Excluded studies were those conducted solely in a critical care
or an emergency department setting, those limited to a single
diagnosis or organ dysfunction patient cohort, those that used
a static time point or an observation to assess risk of
deterioration, and those that were qualitative with no quantitative
assessments.
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The results of electronic database searches were exported into
an EndNote [19] library, and duplicates were removed. Title
and abstract screening was coordinated on Rayyan web
application (Qatar Computing Research Institute) [20]. Two
independent reviewers screened titles and abstracts for
relevance, and unresolved differences were adjudicated by a
third reviewer. Full texts of remaining papers were assessed by
2 independent reviewers against the inclusion and exclusion
criteria. Unresolved differences were adjudicated by a third
reviewer. Where more than one publication was found for the
same project, the papers were grouped, and the publication with
the most comprehensive findings was included.

Data Extraction and Synthesis
An electronic web form was developed according to the aims
of this review and was used for data extraction from full-text
papers. Data extraction was conducted by one reviewer and
checked by a second reviewer. Owing to the heterogeneity of
the included studies in terms of study designs, aims, and

Mann et al
outcome measures, it was not possible to conduct a
meta-analysis. Thus, a narrative approach was adopted for data
synthesis. An assessment of study quality, including risks of
bias, was conducted using PROBAST (Prediction Model Risk
of Bias Assessment Tool; UMC Utrecht) [21] and ROBINS-I
(Risk of Bias in Non-Randomised Intervention Studies;
Cochrane) tool [22].

Results
Overview
The initial electronic search of five databases yielded 2624
records, and an additional 31 records were identified from other
sources (Figure 1). After removing duplicates, 1843 unique
records remained for eligibility assessment. Following the
screening of titles and abstracts, 130 papers were deemed
relevant, and their full texts were obtained. After a full-text
inspection, 46 papers met the eligibility criteria and were
included in this review.

Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flow diagram of study selection.

Characteristics of the Studies
Of the 46 papers in this review, the majority (37/46, 80%) were
retrospective studies that attempted to develop and/or evaluate
the performance of a prediction model or compare the
performance of a number of predictive models using historical
patient data [23-59]. One study reported both the retrospective
development of a prediction model and a prospective
observational study of the developed model [60]. The remaining
studies included one randomized controlled trial [61], 4
before-after (implementation) studies [62-65], and 3 prospective
observational studies [66-68].
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Overview of Studies
Studies from the same setting and institution were grouped and
ordered according to the chronological model development,
evaluation, and implementation, if available.
Of the identified studies, 6 described a body of research
undertaken by researchers from Kaiser Permanente in California,
as well as the University of Chicago [34,35,40,44,62,63] (Table
1). Kaiser Permanente is a large integrated managed care
organization in the United States and began the deployment of
EMRs in its hospitals in 2006. Escobar et al [35] reported the
development of the early detection of impending physiological
deterioration algorithm, which was further developed and
subsequently named the Advanced Alert Monitor [44] and the
early detection of impending physiological deterioration version
2 algorithm [40]. These models were developed to predict the
J Med Internet Res 2021 | vol. 23 | iss. 9 | e28209 | p.1006
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risk of unplanned ICU transfer or mortality, using historical
data of hundreds of thousands of patients retrieved from the
Epic system, have also been retrospectively tested in a
simulation study for feasibility [40], piloted in 2 hospitals [62],
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and more recently implemented as the Advanced Alert Monitor
program and evaluated across the remaining Kaiser Permanente
Hospitals [63,69,70].

Table 1. Studies undertaken on Kaiser Permanente Hospitals.
Author
and year

Study design

Settings

Study aim

Model type or Outcome meaused
sure

Escobar
RSa: tool devel- 102,422 hospitaliza- To develop a model Pooled logiset al,
opment
tions; 14 KPb hospi- for the prediction of tic regression
2012 [35]
models
tals; 2006-2009
unplanned ICUc
transfer using EMRd
data

Key findings

Transfer to ICU EMR-based detection of impending
or death
deterioration outside the ICU is feasible. The overall performance of the
model incorporating physiology, diagnosis, and longitudinal data was superior to MEWSe. Model c statistic 0.85,
validation model 0.78

Escobar
RS: tool develet al,
opment
2013 [34]

391,584 hospitalizations; 248,383 patients; 21 KP hospitals; 2008-2011

To develop a risk
Pooled logisadjustment methodol- tic regression
ogy applicable to all models
hospitalized patients

Kipnis et
al, 2016
[44]

649,418 hospitalizations; 374,838 patients; 21 KP hospitals; 2010-2013

To describe the de- Discrete time Transfer to ICU The AAM had better performance
velopment and per- logistic regres- or death
compared with NEWSh and eCARTi
formance of an auto- sion
in all metrics and prediction intervals
mated EWSf based
(AUCj 0.82). Around half the alerts
on EMR data: The
triggered occurred within 12 hours of

RS: tool development and
evaluation

Death

Risk adjustment of hospital mortality
using EMR is feasible. Incorporation
of physiological data increased model
discrimination and explanatory power.
Model c statistic 0.80, validation model
0.88

AAMg
Escobar
Prospective
et al,
study: tool im2016 [62] plementation

2 KP hospitals

the event and almost two-thirds within
24 hours.

To detail technical
AAM
and operational
challenges of deploying an EWS

Hu et al, RS: tool simula- 174,632 hospitaliza- To evaluate the im2018 [40] tion and feasibil- tions; 21 KP hospi- pact of proactive
ity
tals
transfer to ICU

EDIP2

based on EDIP2k
score, on mortality

Pre- and
The pilot implementation in 2 hospitals
postimplementa- was successful and further deployment
tion metrics
to other hospitals will go ahead.
Transfer to ICU Proactively transferring of the most
or death
severe patients could reduce mortality
rates without sacrificing other patient
outcomes.

rate and LOSl
Escobar
RS: tool impleet al,
mentation and
2020 [63] evaluation

a

548,838 hospitalizations; 326,816 patients; 21 KP hospitals

To evaluate a stagAAM
gered deployment of
an automated predictive model; identifying patients at high
risk for clinical deterioration.

Pre- and
postimplementation outcomes:
transfer to ICU,
30-day mortality, LOS, favorable status

30-day mortality after an alert was
lower in the intervention compared
with control (three deaths avoided per
1000 eligible patients). The intervention was also associated with lower incidence of ICU admission, higher percentage of patients with favorable status 30 days after alert, shorter LOS, and
longer survival.

RS: retrospective study.

b

KP: Kaiser Permanente.

c

ICU: intensive care unit.

d

EMR: electronic medical record.

e

MEWS: Modified Early Warning Score.

f

EWS: early warning score.

g

AAM: Advanced Alert Monitor.

h

NEWS: National Early Warning Score.

i

eCART: electronic Cardiac Arrest Risk Triage.

j

AUC: area under the receiver operating characteristic curve.

k

EDIP2: early detection of impending deterioration version 2.

l

LOS: length of stay.
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Another group of papers from the University of Chicago
program was based on experiments using the electronic patient
records from a number of hospitals in the Chicago area
[29-33,37,66] (Table 2). Churpek et al [29] in several papers
reported the development and validation of the electronic
Cardiac Arrest Risk Triage score and other tools for predicting
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cardiac arrest and ICU transfer in Chicago (Table 2). They also
showed that mortality and cardiac arrest were easier to predict
than ICU transfer [29], and machine learning methods were
more accurate than logistic regression for predicting patient
deterioration [32].
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Table 2. Studies conducted in Chicago hospitals.
Author and year Study design
Churpek et al,
2012 [31]

Setting

Study aim

RSa: tool devel- 47,427 patients, To develop a
1 hospital,
opment and
CARTb score and
2008-2011
evaluation
compare with the

Model type or
used

Prediction
event

Key findings

Logistic regression

CAd or trans-

The CART score more accurately
predicted cardiac arrest than the

fer to ICUe

MEWS. Model AUCf 0.84

MEWSc
Churpek et al,
2013 [29]

RS: tool development

59,643 patients, To assess the impact Logistic regres1 hospital,
of outcome selection sion (4 models)
2008-2011
on the performance
of prediction algorithms

CA, transfer
Mortality is the easiest outcome to
to ICU, death, predict (AUC range 0.73-0.82), and
all combined ICU transfer is the most difficult.

Churpek et al,
2014 [30]

RS: tool development

59,301 patients, To derive and vali1 hospital,
date a prediction
2008-2011
model for CA

CA and trans- The model can simultaneously prefer to ICU
dict the risk of CA and ICU transfer
and was more accurate than

Logistic regression

ViEWSg. Model AUC 0.88 for CA,
0.77 for ICU
Churpek et al,
2014 [33]

RS: tool development

269,999 admis- To develop and vali- Survival analysis CA, transfer
sions, 5 hospi- date eCARTh score
to ICU, or
tals, 2008-2011 using commonly
death
collected EMRi data

Somanchi et al,
2015 [56]

RS: tool development

133,000 paTo develop a predic- SVMj and logistients, 4 hospi- tion model for Code tic regression
tals, 2006-2011 Blue, using EMR
data, and compare
with MEWS

Churpek et al,
2016 [32]

RS: tool development and
evaluation

269,999 paTo compare the accutients, 5 hospi- racy of different
tals, 2008-2013 techniques for detecting clinical deterioration on the wards

Kang et al,
2016 [66]

Green et al,
2018 [37]

Prospective
3889 admisstudy: feasibili- sions, 3 wards,
ty study
2013-2014

To assess the feasibility of a real-time
risk stratification
tool

RS: tool evalua- 107,868 admis- To compare the
tion
sions, 5 hospi- BTFm calling critetals, 2008-2013 ria to MEWS,

Code blue
event in the
next x hours

The model was able to predict Code
Blue with ~80% recall and 20%
false positive rate 4 hours ahead of
the event. It out-performed MEWS.

Logistic, decision CA, transfer
trees, SVM, Kto ICU, or
NNk, neural net, death

This multicenter study showed that
several machine learning methods
can more accurately predict clinical
deterioration than logistic regression.

MEWS
eCART

Mayampurath
et al, 2019 [48]

a

RS: tool evalua- 32,537 admistion
sions, 1 hospital, 2008-2016
RS: tool development

CA, transfer
to ICU, or
death

eCART score identified more CA
and ICU transfers, many hours in
advance, compared with standard
RRTl activation.

BTF, NEWS,
MEWS, eCART

NEWSn and eCART
score
Bartkowiak et
al, 2019 [25]

eCART score was more accurate
than MEWS for detecting CA, ICU
transfer, or death. Model AUC 0.83
for CA, 0.75 for ICU transfer, 0.93
for death and 0.77 all combined

To assess the accura- NEWS, MEWS,
eCART
cy of three EWSo
postoperatively

115,825 admis- To develop a model Convolutional
sions, 1 hospi- from visual timeneural network
tal, 2008-2016 lines to predict mortality

CA, transfer
to ICU, or
death (24
hours)

eCART was more accurate than
BTF, MEWS, NEWS for predicting
the composite outcome of CA, ICU
transfer and death. eCART AUC
0.80 (0.79-0.80)

CA, ICU
The eCART score was the most actransfer or
curate followed by MEWS. Maxiward, or death mum respiratory rate was the most
predictive vital sign.
Death

The model was more accurate than
MEWS and SOFAp, validation
model AUC 0.91, and visual timelines enabled interpretation of a
deep neural network.

RS: retrospective study.

b

CART: Cardiac Arrest Risk Triage.

c

MEWS: Modified Early Warning Score.

d

CA: cardiac arrest.

e

ICU: intensive care unit.

f

AUC: area under the receiver operating characteristic curve.

g

ViEWS: VitalPAC Early Warning Score.

h

eCART: electronic Cardiac Arrest Risk Triage.
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i

EMR: electronic medical record.

j

SVM: support vector machine.

k

K-NN: K-nearest neighbors.

l

RRT: rapid response team.

m

BTF: Between the Flags.

n

NEWS: National Early Warning Score.

o

EWS: early warning score.

p

SOFA: Sequential Organ Failure Assessment.

Several other studies have evaluated screening tools such as the
National Early Warning Score, Modified Early Warning Score,
Rothman Index, and Sequential Organ Failure Assessment, for
the early warning and detection of patient deterioration in
hospital
settings
across
different
countries
[26,39,41,50,52,54,57,59,64,65,67] (Table 3). The evaluation
included applying tools retrospectively on historical clinical
data to assess the feasibility of future use as well as assessing
tools prospectively alongside the standard clinical systems. The
studies of screening tools reported differing results of both good
and poor predictive accuracy and usefulness for escalation of
care through medical emergency team (MET) or rapid response
team (Table 3).
Of the studies detailing the implementation of scoring tools
across institutions [50-52,61,62,64,65], high-risk patients were
appropriately identified as aiding in clinical response (Table 4).
However, when comparing intervention and control patient
cohorts, differing results were seen with either significant
reductions or no impact on the assessed deterioration events.
Within the reviewed papers, deterioration prediction
methodologies included single and multiparameter scoring tools,
such as the National Early Warning Score and Modified Early
Warning Score, as well as statistical and machine learning
methods. Single and multiparameter scores were derived from
a set of vital sign threshold derangements (Tables 3 and 4). The
statistical and machine learning methods included logistic
regression, survival models, Cox regression, Gaussian process
regression, Markov models, decision trees (random forest and
gradient boosted trees), K-nearest neighbor, support vector
machine, and neural networks (Tables 1 and 2, and Multimedia
Appendix 1 [23,24,27,28,36,38,42,43,45-47,49,51,53,55,58,
60,68]). Most of these models attempted to account for changes
in physiologic measures over time using novel model
frameworks, for example, taking a sliding time window looking
forward or backward in time to predict outcomes.
Across all the studies, models of greater complexity and
statistical and machine learning methods were shown to have
superior performance in predicting deterioration than scoring
tools (Multimedia Appendix 1). For example, there was timelier
detection and earlier warning of high deterioration risk in more
complex models. Furthermore, the discrimination of patient
deterioration using statistical and machine learning methods (as
assessed with the area under the receiver operating characteristic
curve or c statistic) outperformed conventional tools.
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All patient deterioration prediction tools used vital sign
measures, most commonly blood pressure, heart rate, respiratory
rate, temperature, oxygen saturation, and a level of
consciousness measure (Multimedia Appendix 2, Tables S2 and
S3 [23-39,41-45,47-61,63-65,67,68]). In addition, most of the
models included basic patient demographic data, such as age
and gender, as well as administrative measures, such as
admission status, time since admission, length of stay, and
patient location. Many of the models attempted to incorporate
various pathology or laboratory test results where available,
noting that they would experience some level of time delay.
Composite indices or scores for severity of illness, longitudinal
comorbidities, and combined laboratory results were often
included in models where available. The more complex models
considered higher-level features of their data such as the
frequency, change, minimum, maximum, moving average, and
patterns
of
physiological
measures
over
time
[23,24,38,42,45,56,58].
Of the studies that reported missing data, the majority were
filled by propagating a previous value carried forward if a
current value within a set time window was not measured. If
no prior value was available, values were imputed with a
representative value such as a population-based estimate or
normal value. In models that consider dynamic irregularly
sampled physiologic time series data, Gaussian process models
were used to deal with sparsity in the data [23,24,55].
Overall, the quality of the studies included in this review was
high, with low and unclear risks of bias and concern for the
applicability of prediction models in addressing our review
questions (Multimedia Appendix 2, Table S2). The majority of
prediction model studies appropriately selected model data for
inclusion, assessed model predictors and outcomes, approached
model development, and adequately tested models. Studies
assessed as unclear were because of ambiguous details in
reporting the number of participants or samples per derivation
and validation data sets, handling of missing data, and lack of
detail in model validation. The study quality of the
implementation studies we identified was also high, with low
to moderate risk of bias identified (Multimedia Appendix 2,
Table S4). Moderate concerns were because of the lack of
adjustment for potential confounding, participant selection, and
lack of detail for handling of missing data.
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Table 3. Retrospective studies evaluating scoring tools.
Author, year, and
country

Settings

Lighthall et al, 2009
[67], United States

1089 paTo evaluate vital signs
METa call criteria
tients, 1 hos- and association with critpital, 2006
ical events

CAb, ICUc transfer Even a single recording of an abnormal
vital sign increases the risk of critical
or death
events in hospitalized patients.

Huh et al 2014, [41],
Korea

3030 events, To evaluate the efficacy
1 hospital,
of screening triggered
2008-2010
alerts for MET management

Medical alert system criteria

MET activation

The automatic alert system triggers,
along with a skilled intervention team,
were successful in managing the MET

Romeo-Brufau et al,
2014 [54], United
States

34,898 paComparative analysis of
tients, 2 hos- the performance of compitals, 2011 mon EWSd methods and
how they would function
if automated

MEWSe, SEWSf,

Resuscitation call,

The evaluated scores did not offer good
predictive capabilities for an automated
alarm system. Positive predictive values
ranged from <0.01-0.21, and sensitivity
ranged from 0.07-0.75.

328 cases,
328 controls,
1 hospital,
2009-2010

SOFAk, PIROl,

Yu et al, 2014 [59],
United States

Study aim

To compare the ability of
9 risk prediction scores
in detecting clinical deterioration among non-ICU
ward patients

Scoring tools

Prediction event

g

GMEWS , Worh

thing, ViEWS ,

j

RRS activation or
ICU transfer

NEWSi

m

ViEWS, SCS ,
MEDSn, MEWS,

Critical care consult, ICU transfer
or death

SAPS IIo, REMSp,
APACHE IIq

Key findings

Prediction scores can be used to estimate
a ward patient’s risk of clinical deterioration, with good discriminatory ability
comparable with that of existing trackand-trigger systems. 0-12 hours before
clinical deterioration, 7 of 9 scores performed with acceptable discrimination
(AUCr>0.70).

Wengerter et al, 2018
[57], United States

a

217 cases,
868 controls,
1 hospital,
2013-2015

To evaluate whether
Rothman Index
Rothman Index variabili-

RRT activation,
mortality

Rothman Index variability predicted
likelihood of RRT activation.

Bedoya et al, 2019
[26], United States

85,322 patients, 2 hospitals, 20142016

To determine the effec- NEWS
tiveness of NEWS implementation on predicting
and preventing patient
deterioration

ICU transfer or
death

No change after implementing NEWS.
At both academic and community hospitals, NEWS had poor performance characteristics and was generally ignored by
nursing staff.

Heller et al [39],
2020, Germany

3827 patients, 2
wards, 20162017

To develop a prediction MEWS with pagmodel for Code Blue, us- ing functionality

CA or ICU transfer The rate of CA and ICU transfers significantly decreased after implementing
MEWS with paging functionality.

ty can predict RRTs activation in surgical patients

ing EMRt data, and compare with MEWS

MET: medical emergency team.

b

CA: cardiac arrest.

c

ICU: intensive care unit.

d

EWS: early warning score.

e

MEWS: Modified Early Warning Score.

f

SEWS: Standardized Early Warning Score.

g

GMEWS: Global Modified Early Warning Score.

h

ViEWS: VitalPAC Early Warning Score.

i

NEWS: National Early Warning Score.

j

RRS: rapid response system.

k

SOFA: Sequential Organ Failure Assessment.

l

PIRO: Predisposition, Infection, Response, Organ, Dysfunction Score.

m

SCS: simple clinical score.

n

MEDS: Mortality in Emergency Department Sepsis.

o

SAPS II: Simple Acute Physiology Score II.

p

REMS: Rapid Emergency Medicine Score.

q

APACHE II: Acute Physiology and Chronic Health Evaluation Score II.

r

AUC: area under the receiver operating characteristic curve.

s

RRT: rapid response team.

t

EMR: electronic medical record.
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Table 4. Studies of scoring tool implementation.
Author, year, Study design
and country
Bailey et al,
2013 [61],
United
States

Evans et al,
2015 [64],
United
States

PSa: RCTb

Study aim

19,116 patients, 1 hospital, 20072011

To validate the

PS: observation- 6289 paal study
tients, 1 hospital, 20122013

Subbe et al, PS: before and
2017, [65],
after study
United Kingdom

a

Setting

4402 patients, 1 hospital, 20142015

Intervention assessment

Implementation out- Key findings or concome
clusions

Two-tiered
EWSc in general EWS [38]
medical wards
and trial real time
alerting.

Comparison of alerts Among patients
between intervention identified by EWS,
and control patients. there were no differences in proportion

To develop and
MEWSe
evaluate a detec- with pager
tion and alert sys- alerts
tem for monitoring patients every
5 min

Comparison of
Ward A patients had
events from patients more ICU transfers,
in 2 wards pre and
METf calls and
post intervention
greater LOSg but
fewer deaths during
intervention compared with preintervention. No differences were seen in
ward B.

Implementation of
the predictive model
increased appropriate MET calls. Mortality decreased in
the ward with older
patients and multiple
comorbidities, but
not in the other
ward.

To assess the effect of a vital
sign monitoring
and alert system
on outcomes

Vital sign
monitoring
system

Comparison of serious events between
control and intervention periods

Deaths, CAsh and,
for patients transferred to ICU, severity of illness scores
were lower in the intervention compared
with control.

Deploying an EWS
based on vital signs

RRS with
whether a RRSk thresholds
reduces incidence and calling
of postoperative criteria
CA

Change in cardiopulmonary arrest rate in
patients before and
after intervention

Cardiopulmonary
arrest relative risk
(pre vs post intervention) was 0.56 during RRS operational
hours but was unchanged during nonoperational hours.
These associations
remained after comorbidity adjustment.

Implementation of
the RRS reduced
postoperative cardiopulmonary arrest
incidence but only
during RRS operational hours.

Cloud-based Comparison of intermodified
vention with control
NEWSl with patients for time to
first lactate order,
RRT call

The intervention
group had improved
the time to the first
lactate order within
24 hours of modified
NEWS ≥7. There
was no significant
improvement in time
to ICU transfer, ICU
length of stay, or
hospital mortality.

The study provides
preliminary evidence for a pragmatic integration of
cloud-based, automated monitoring
with standardized
and timely RRT intervention.

Oh et al,
2018 [52],
Korea

RSj: before and 207,054
surgeries, 1
after study
hospital,
2008-2016

To evaluate

Morgan et
al, 2020
[50], United
States

PS: quality improvement
study

To evaluate the
implementation
of a continuous
cloud-based EWS
to activate an
RRT.

30,292 patients, 1 hospital, 20172018

Scoring tool

threshold

transferred to ICUd
or died in the intervention group compared with control.

ICUd transfer and
mortality.

Alerts generated for
patients meeting the
threshold were highly specific for ICU
transfer and death.
However, sending
real time alerts to the
nurse manager did
not improve event
outcomes.

increased RRTi calls
and decreased mortality and CAs.

PS: prospective study.

b

RCT: randomized controlled trial.

c

EWS: early warning score.

d

ICU: intensive care unit.

e

MEWS: Modified Early Warning Score.

f

MET: medical emergency team.

g

LOS: length of stay.

h

CA: cardiac arrest.

i

RRT: rapid response team.
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j

RS: retrospective study.

k

RRS, rapid response system.

l

NEWS: National Early Warning Score.

Discussion
Principal Findings
This review examines the use of data sets collected in EMRs
to develop and implement decision support for clinicians to
predict and prevent inpatient deterioration. The current literature
confirms that it is possible for routinely collected EMR data to
be used to anticipate patient deterioration. However, there are
few reports on the performance and efficacy of these systems
when used in clinical settings. Despite the wide and increasing
adoption of EMRs, the successful implementation of EMR-based
early warning systems or their impact on patient-centered
outcomes is not commonly reported.
The studies that met the eligibility criteria and the variability
in methods created a narrative review rather than a quantitative
review. There was considerable variation in the models
developed, methodological approach, and data collected. The
common study designs (retrospective, small cohorts, and before
and after studies) pose a risk of bias. The institutions where
models were developed and implemented predominately from
the United States, which may pose additional risks of bias
because of the nature of the health care system and environment.
The heterogeneity in the methodology of the developed models
makes comparison of their statistical accuracy and performance
difficult. The area under the receiver operating characteristic
curve statistic has been used as a comparison metric, but it is
important to note the differences in model specification,
complexity, and outcome when interpreting model output (eg,
scores) and their usefulness for implementation in a real-time
clinical setting. In addition, the reporting of superior
performance in statistics from models of greater complexity
may be the result of model overfitting if this has not been
appropriately addressed in model development. Consideration
should be made such that data used to develop early warning
tools reflect previous cohorts of patients and may not be relevant
for future cohorts. It is reasonable that retrospective patterns of
deterioration will repeat themselves in the future; however, with
advances in health care technology and the potential for new
and emerging health disease trends, adapting or updating tools
will be required to maintain relevance. We conclude that the
effectiveness of current EMR-based digital early warning tools
remains promising but has not been reproducibly demonstrated.
We propose that there are multiple factors that make a
patient-centered outcome evaluation of EMR-based deterioration
prediction difficult. Demonstration of improved patient
outcomes following early warning tool implementation relies
on the successful performance of all four components of
implementation, recognition, escalation, and response. Where
there has been successful statistical validation for the EWSs,
validation of the escalation and response (ie, implementation)
has been elusive. Several factors may contribute, which are not
unique to digital warning implementation. The current metrics
for outcome measures are problematic. Death, an outcome that
is easy to count, does not always account for treatment
https://www.jmir.org/2021/9/e28209
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limitations. Cardiac arrest events are rare; therefore, they are
insensitive measures. ICU transfer can reflect MET resourcing
deficiencies, ICU bed availability, and local admission practices
or end-of-life planning rather than preventable deterioration.
Emergency callout rates may reflect individual clinician
sentiment rather than true risk or deterioration, or alternatively,
not be called when they should be. There is inconsistency in
efferent limb performance (assessment, intervention, transfer,
monitoring, and follow-up). The time required for
implementation and translation into improved outcomes will
frequently be confounded by other system improvements,
changes within an individual health service, or the maturity of
the rapid response system itself. Therefore, the relationship
between implementation and patient outcomes remains
unstudied, rather than unproven by the current studies.
These issues will continue to challenge the empirical validation
of a complete rapid response system. The lifecycle of these
technologies has yet to mature to the point where evaluation
and assessment of a possible effective intervention can be
performed. One example of practical limitations is to recognize
which data are contemporaneously available. Data can only
inform a ward-based, real-time prediction model once the
information is available in the EMR for analysis. This is relevant
to model development and evaluation. For a pathology result,
for example, there are times of sample collection, arrival at the
laboratory or analysis, and the time the result is available for
integration into the clinical picture. The results of the test are
only available for integration once they are available in the
clinical space. However, the metadata confirming that the
sample was actually ordered or collected, where it was done,
and the number of samples, is immediately available. The result
of a positive blood culture can take hours to days, and a
definitive negative result can only be finalized 2-5 days after
collection. Providing actionable decision support with such
dynamic data sets is a challenge, and it could be argued that the
performance of the model on an experimental data set is
irrelevant unless, once deployed to the EMR, the relevant
decision support is actionable by clinicians in time to avoid an
adverse outcome.
As maturity grows in the development cycle within EMRs, there
will be potential opportunities to improve EMR-based
deterioration tools and assess their impact on patient care. The
development of algorithms can help monitor in real time rich
clinical data from our patients, including vital signs,
investigation results, drug prescription, and provide useful
decision support to improve care trajectories. These clinical
data can then be used at the patient level to provide visibility
of deteriorating or at-risk patients to individual clinicians, wards,
clinical teams, and the MET responders, and place decision
support back into the EMR to support clinicians in accurately
predicting and preventing inpatient deterioration. At the system
level, the data could provide feedback to guide the optimization
of the digital or clinician interaction and maximize response
efficiency. Successful implementation should improve
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patient-centered outcomes, reduce suffering, incapacity, and
mortality, as well as reduce length of stay, increase hospital
capacity, improve efficiency, and increase care delivery to meet
ever-increasing demands.
One final, but highly important, factor for consideration in the
future implementation of EMR-based deterioration tools is the
aspect of medical device regulation. For example, with the recent
introduction of regulations for software based medical devices
in Australia by the Therapeutic Goods Administration, clinical
decision support software such as algorithms to predict patient
deterioration that meet the definition of a medical device would
be subject to regulation and possibly inclusion in the Australian
Register of Therapeutic Goods. The legislation also allows for
clinical decision support software to be considered as an exempt
medical device subject to how it is intended to be used. Either

Mann et al
way, it is expected that regulation will lead to increased clinical
acceptance and uptake of such algorithms.

Conclusions
The development and accuracy of digital EWSs is increasing,
facilitated by the growing availability of digital data sets.
However, despite the relative performance of algorithms that
can predict patient deterioration, the current literature shows
that limited deployment of such algorithms into clinical practice
is associated with improvement in patient outcomes. There is
a paucity of quality studies in this area, and further work is
needed to explore potential clinical benefits, including
optimizing of the digital or clinician interaction, consideration
of limitations in implementation, such as the requirement for
real-time data availability, and use of standardized measures.
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Abstract
Background: Medically unexplained physical symptoms are physical symptoms, such as pain, fatigue, and dizziness, that
persist for more than a few weeks and cannot be explained after adequate medical examination. Treatment for preventing the
chronicity of symptoms is recommended. A promising approach is identifying patients who are at risk and subsequently offering
a blended care intervention that focuses on promoting self-management while using eHealth as a supportive tool. When these
interventions match with a patient’s expectations, their effectiveness grows.
Objective: This study aimed to obtain more insights into usability from the patient perspective to improve future interventions.
Methods: A mixed methods design (ie, the use of qualitative and quantitative data) was used. Through semistructured interviews,
in-depth insights were gained into patients’ perspectives on usability. The analysis process was continuous and iterative. Data
were synthesized and categorized into different themes. The System Usability Scale, which measures the usability of a system,
was used to compare participants that found usability to be low, medium, or high. This study was approved by the Medical Ethical
Committee Utrecht (approval number: 17-391/C).
Results: Saturation was reached after interviewing 13 participants. The following four themes emerged from the interviews:
motivations and expectations prior to participating in the program, the applicability of e-coaching, the role of health care
professionals, and the integrated design of the blended approach.
Conclusions: The successful implementation of integrated blended care interventions based on patients’ perspectives requires
matching treatments to patients’ individual situations and motivations. Furthermore, personalizing the relative frequency of
face-to-face appointments and e-coaching can improve usability.
(J Med Internet Res 2021;23(9):e19794) doi:10.2196/19794
KEYWORDS
usability; medically unexplained physical symptoms; blended care

https://www.jmir.org/2021/9/e19794

XSL• FO
RenderX

J Med Internet Res 2021 | vol. 23 | iss. 9 | e19794 | p.1019
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Introduction
Medically unexplained physical symptoms (MUPS) are physical
symptoms that persist for more than a few weeks and cannot
be explained after adequate medical examination [1]. MUPS
are a serious concern, since approximately 25% to 50% of
symptoms remain unexplained in primary care [2,3]. Patients
with MUPS experience symptoms such as pain, fatigue, and
dizziness [4]. These symptoms often have a major impact on
daily life and result in a high burden for patients with MUPS
[5]. MUPS can be divided into the following three stages: mild,
moderate, and chronic [6]. These stages are based on the
frequency of consulting a general practitioner, the duration of
symptoms, and the physical and psychological dysfunctions
experienced [6]. Existing research on treatment for the chronic
stages of MUPS has provided valuable insights, and
recommended interventions have included cognitive behavioral
therapy, exercise therapy, and neuroscience education [7].
Treatment for preventing the chronicity of symptoms has been
recommended in order to reduce the severity of symptoms and
the direct and indirect costs of care [8,9]. This is in line with
the general trend in health care policy; policies nationwide aim
to strengthen health programs to prevent diseases and address
risk factors [10]. Health care is thereby changing its focus from
cures and care to behavior and health [11].
In order for programs to succeed in shifting their focus to
behavior and health, these programs must include proactive and
indicated prevention [12]. A first step is identifying patients
who are at risk for developing chronicity [13,14]. Moreover,
literature has shown that programs and interventions should
focus on promoting patients’ self-management [15,16]. eHealth
can serve as a supportive tool for both personalization and the
promotion of self-management [17,18]. eHealth is not only
supportive of usual therapeutic guidance but is also a substantial
element of interventions as a whole [19]. This is referred to as
blended care—the combination of face-to-face contact with
integrated web-based applications [20]—or as e-coaching, which
is defined as “the use of technology during coaching to motivate
and stimulate (groups of) people to change attitudes, behaviors,
and rituals” [21,22].
When these interventions match patients’ expectations,
sustainable changes in patients are achieved more effectively
[23]. More insights into usability from the patient perspective
can further improve these interventions [24,25]. For example,
from the patient perspective, interventions should be easy to
use and acceptable. This usability, which is defined as “the
quality of a system with respect to ease of learning, ease of use
and user satisfaction” [26], can be measured.
The objective of this study was to gain more understanding into
patients’ perspectives on the usability of integrated blended care
interventions. In order to do so, this study analyzed a recent
proactive, multidisciplinary, and integrated blended care
intervention that was developed to prevent chronicity in patients
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with MUPS in primary care [27,28]. At-risk patients were
identified by using electronic medical records [29]. e-Coaching
was used to integrate technology into the intervention. The main
goals were to (1) promote self-management among patients and
(2) provide patients with insights into dealing with their
complaints.

Methods
Study Design and Setting
A mixed methods design (ie, the use of qualitative and
quantitative data) was used. Through semistructured interviews,
qualitative data were gathered in order to gain an in-depth
understanding of usability from patients’ perspectives. System
Usability Scale (SUS) scores (low, medium, and high) were
compared to responses in the interviews, which allowed us to
gain better insight into the relationship between identified
themes from interviews and experienced usability. This study
was approved by the Medical Ethical Committee of University
Medical Center Utrecht (approval number: 17-391/C).

Participants
Patients who participated in the PARASOL intervention were
eligible for inclusion. To be included in the intervention, all
patients (aged ≥18 years) must have had ≥5 consultations with
their general practitioner in the past 12 months. Of these
consultations, ≥3 had to be classified as “suggestive of MUPS”
based on 1 of the 104 International Classification of Primary
Care codes. Patients with medical and psychiatric diagnoses
were excluded [28]. Only participants in the PARASOL
intervention who provided informed consent for this follow-up
study were invited. In order to obtain rich data, stratified
purposeful sampling was conducted based on the outcomes of
the SUS. Patients with validated SUS scores of <70, between
70 and 80, and >80 were included; these represent low, medium,
and high scores for usability, respectively [30].

Measurements
Qualitative data were collected in one-to-one semistructured
interviews, which were conducted at an agreed-upon location.
A second researcher was available to play the role of observer.
The topic list for the interviews was based on the theoretical
construct of De Bleser et al [26] and supplemented with the
determinants of health care innovation that were selected and
developed by the Netherlands Organization for Applied
Scientific Research [31] (Textbox 1). The quantitative data
consisted of the outcomes of the SUS. The SUS has high
reliability [30] and contains 10 questions on the usability of a
system [32]. Questions were answered on a numeric rating scale
with scores that range from 1 to 5 (“strongly agree” to “strongly
disagree”). The SUS was administered at the end of the
intervention. The demographic data consisted of age, gender,
and educational level (basic, intermediate, and high).
Educational levels were derived from the Standard Classification
of Education used by Statistics Netherlands [33].
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Textbox 1. Outline of the interview guide [26]. The key areas are shown.
Performance
•

Impact of use environment

•

Impact of user characteristics

•

Ease of the manipulation of the device

Satisfaction
•

Physical dimension

•

Privacy dimension

•

Human interaction

•

Self-concept

•

Routine

•

Sustainability

Acceptability
•

Acceptance for daily life use

•

Willingness to pay for device

Procedure
Qualitative data were collected from semistructured interviews
within 4 weeks after participants completed the PARASOL
intervention to avoid recall bias. Interviews took place in
patients’ homes or in one of the participating health care centers,
depending on the preferences of the patients. Before the
interview started, procedures regarding sound recording and
the coding of data were explained, after which permission was
requested from the participants. Quantitative data were collected
for the randomized controlled trial PARASOL (Evaluation of
a Proactive Preventive Program in Patients With MUPS; trial
registration number: NL57931.041.16) [28]. Demographic data
were retrieved from baseline measurements. After 3 months,
upon the completion of the PARASOL intervention, SUS scores
were gathered.

PARASOL Intervention
The PARASOL intervention was a 12-week integrated blended
care intervention that consisted of 4 face-to-face consultations
with a mental health nurse and 5 physical therapy sessions and
was supplemented with e-coaching (Figure 1). e-Coaching
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consisted of information modules and videos on
self-management and educative themes, videos and instructions
on prescribed home exercises, and assignments for gradually
increasing physical activity. The intervention aimed to improve
patients’ perceptions of symptoms and identify modifiable risk
factors of chronicity by providing therapeutic neuroscience
education and promoting self-management. The intervention
also aimed to promote an active lifestyle by using a cognitive
behavioral approach and graded activities. Health care
professionals were instructed on how to treat patients with
moderate MUPS during a 2-day training session. Beyond the
program itself, instructions included presentations on the study
population, central sensitization, therapeutic neuroscience
education, graded activities, and perpetuating factors.
Furthermore, health care professionals were instructed on how
to integrate e-coaching during the intervention. They were, for
instance, guided on how to personalize general themes and
instructed to ask patients about whether they understood
information that is given on web-based platforms. All health
care professionals received a guideline after finishing the
training.
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Figure 1. Overview of the PARASOL intervention. The text cloud images indicate face-to-face contact with a PT and MHN. The computer images
indicate modules of e-coaching. MHN: mental health nurse; PT: physical therapist.

Data Analysis
Interviews were recorded and transcribed verbatim, and
transcriptions were checked by 2 researchers. Within 1 week
after completing the interviews, a summary was sent to all
participants. This member check verified whether interpretations
were correct. After the initial interviews were conducted, the
interviewer added other questions based on the themes that
emerged from these interviews. Both researchers encoded
meaningful text fragments independently, and a set of
preliminary concepts and codes was generated. The analysis
process was continuous and iterative. Data were synthesized
and categorized into 4 different themes. In the last stage of the
analysis, for each theme, interview responses were compared
on the basis of participants’ SUS ratings. This allowed us to
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gain better insight into the relationship between identified
themes from interviews and experienced usability.

Results
Interview Results
Saturation was reached after 13 interviews. Interviews lasted
for approximately 20 to 50 minutes and had a mean duration of
33 minutes. Participants’ mean age was 42 years. A majority
of participants were female (10/13, 77%). Further, 5 participants
had an SUS score of <70, 5 participants had a score of between
70 and 80, and 3 participants had a score of >80. The
demographic characteristics of the study population can be
found in Table 1.
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Table 1. Demographic characteristics.
Participant
number

Age
(years)

Sex

Educational level

Previous experience in blend- Interest in technology in the field
ed care
of health care

System Usability
Scale score

1

35

Female

Intermediate

No

Yes

67.5

2

48

Female

Intermediate

No

No

60.0

3

38

Female

Intermediate

No

Neutral

77.5

4

23

Female

Intermediate

No

Neutral

57.5

5

42

Female

Basic

No

Neutral

55.0

6

42

Male

Intermediate

No

Yes

50.0

7

48

Female

High

Yes

Yes

77.5

8

43

Female

Intermediate

No

Yes

85.0

9

47

Female

High

Yes

Yes

80.0

10

38

Male

High

No

No

72.5

11

31

Female

High

No

Yes

72.5

12

52

Male

High

No

Yes

87.5

13

57

Female

High

No

No

95.0

The 13 interviewees formed a subset of participants from the
PARASOL intervention arm (n=80; age: mean 47 years; female:
57/80, 71%). The overall averages of the PARASOL
intervention participants were hence comparable to those who
were selected for interviews on the basis of purposeful sampling.
The overall mean SUS score in the PARASOL intervention arm
(n=55) was 74.6. A total of 19 participants had an SUS score
of <70, 15 participants had an SUS score of between 70 and 80,
and 21 participants had an SUS score of >80. Further, 20
participants in the PARASOL intervention did not complete the
intervention, and 5 questionnaires were not submitted.
As the use of e-coaching integrated in treatment is relatively
new, participants were asked about their general experience
with and interest in technology in health care. Every participant
had used some form of technology (in the broadest sense of the
word). The use of a PC, smartphone, and tablet were mentioned.
The integration of technology in health care was only previously
experienced by 2 of the participants. When asked about
technology in health care, participants mentioned the use of
pedometers, health apps, and websites. Participants’ interest in
technology differed, as can be seen in Table 1.
A total of 4 themes emerged from the interviews. These themes
provided insight into the usability of a blended approach to an
integrated intervention from patients‘ perspectives.

expectations or that they had no expectations that their
complaints would disappear by participating in the intervention.
Others expected fewer complaints and more physical activity,
and some expected that their pain would go away. A recurring
statement reflected the hope that someone would seriously
consider their complaints:
That someone finally thinks about the fact that these
complaints are really there, and that a program is
being made. [Participant #3]
In terms of motivation, some participants participated mainly
for personal interest. Other participants were just curious and
saw no disadvantages, and some started the intervention because
of a referral from their general practitioner. Experiencing intense
pain was a motivation for participating in the intervention, and
some participants mentioned that there were no other options
for treatment with regard to their complaints. One participant
stated:
I take this, because elsewhere a program is never
really offered. [Participant #8]
When the results were analyzed based on SUS score groups,
they showed that higher overall SUS scores were related to
quotes regarding autonomy and intrinsic motivation (Textbox
2). In terms of expectations related to the intervention program,
there was no difference among SUS groups (Textbox 3).

Theme 1: Motivations and Expectations Prior to
Participation in the Intervention
There was no consensus on participants’ expectations prior to
the intervention. Some participants stated that they had no
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Textbox 2. Quotes related to motivation. The quotes are stratified by System Usability Scale (SUS) score groups.
SUS score group: <70
•

“I participate to stay active”

•

“Advice from GP”

SUS score group: 70-80
•

“Interesting to see whether the mental and physical aspects come together”

•

“I don’t understand my complaints and want to know what they are, and how I can deal with them”

SUS score group: >80
•

“I have to make use of this opportunity, as I have been looking for ways to deal with my complaints for two years”

•

“I had no way to resolve my complaints, and perhaps this will help me”

Textbox 3. Quotes related to expectations. The quotes are stratified by System Usability Scale (SUS) score groups.
SUS score group: <70
•

“I don’t know if it will work”

•

“I have no idea what to expect”

SUS score group: 70-80
•

“I’m curious, rather than have any expectations”

•

“I thought, this must really work”

SUS score group: >80
•

“I was open to something new”

Theme 2: Applicability of e-Coaching
References were made to e-coaching during interviews twice.
The first reference concerned the look and feel of the
application, and the second concerned the application’s
acceptability. Some participants mentioned that they spent a
long time searching within the application and found the
web-based portion to be confusing. For example:
I had to watch instruction videos but I could not find
them. [Participant #3]
Other participants however found the site to be well structured.
There was no consensus on the ease with which documents or
instruction videos could be found. Many participants had
problems with logging in. In addition, the application often had
bugs. This did not promote the use of e-coaching. One
participant said:
I did my exercises every day but the program did not
work so I just did not fill it in. [Participant #13]
Another participant missed an evaluation that would have given
insight into their progress. The ability to ask questions on
web-based platforms and the fact that people can use the
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intervention anywhere were mentioned as facilitators.
Participants stated that the planning assignments and exercises
were clear every week. One participant said:
What I found very clear was that you could just click
and do your exercises and activities on a weekly and
daily basis. [Participant #8]
Participants appreciated the ability to tick off the followed
modules so that it was immediately clear which modules had
been completed and which were still open. There was no
consensus on whether obtaining information through text or
film was preferred. Participants gave the following tips for the
use of e-coaching:
Add forms on the site to leave notes on progress, e.g.
how many minutes one walked. [Participant #9 and
Participant #11]
Make assignments more accessible by using visual
support (colors, shapes). [Participant #7]
The higher the satisfaction (as measured by the SUS), the more
participants understood and used the web-based environment
(Textbox 4).
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Textbox 4. Quotes related to the applicability of e-coaching. The quotes are stratified by System Usability Scale (SUS) score groups.
SUS score group: <70
•

“It is unclear for me how to use the website”

•

“I can’t enter the system, I never accessed the online part”

•

“I often did not fill out the online sections, I prefer face-to-face treatments”

SUS score group: 70-80
•

“I could not find the video, so I used text”

•

“Clear and easy to use”

SUS score group: >80
•

“The videos are clear and easy to use in daily life”

•

“The site was clear”

•

“It was easy to get the hang of the application”

Theme 3: The Role of Health Care Professionals
An often-mentioned facilitator of the treatment was agreement
among health care professionals. Participants felt that they were
receiving the same information from different angles. In
face-to-face treatments, which participants felt to be useful,
health care professionals provided psychoeducation, in which
reminders and repetition were introduced to patients. A
participant stated:
Because both the mental health nurse and the physical
therapist spoke about interpreting pain, for example,
and the physical therapist explains it more
anatomically. [Participant #11]
The important roles of health care professionals were found to
be discussing exercises, providing information, setting goals,
and helping patients reach these goals. Participants also
appreciated the fact that health care professionals supported
reflections on behaviors and thoughts via confrontation,
convincement, and motivation. For example:

Holding up a mirror to me, that there was a
confrontation, it was very helpful that the physical
therapist was confrontational. [Participant #12]
Another facilitator was the approachability of the mental health
nurse. Participants recommended increasing the involvement
of the general practitioner to increase the amount of feedback
and encouragement that they receive. One participant stated:
I can imagine that people with these complaints do
not always immediately think the mental health nurse
and the physical therapist are going to solve the
problem, so I think that the GP is still important for
encouragement. [Participant #3]
Participants also did not expect physical therapists to engage
in conversations as much as they did:
I think physical therapy is important only when giving
exercises and not for conversations. [Participant #10]
The higher the SUS score, the more patients understood that
health care professionals acted as coaches rather than as
therapists (Textbox 5). There was no difference among
subgroups with regard to interprofessional collaboration
(Textbox 6).

Textbox 5. Quotes related to the role of professionals. The quotes are stratified by System Usability Scale (SUS) score groups.
SUS score group: <70
•

“I feel the need to have my own say more”

•

“Sometimes I feel I have the same conversation twice, the physical therapist and I were a better match and we could converse more easily”

SUS score group: 70-80
•

“The physical therapist remember me and my story, and that made me feel good”

•

“I expected more from the physical therapist, just conversing and no exercises”

SUS score group: >80
•

“The professionals were very involved”

•

“It’s good that the professionals held up a mirror to me”
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Textbox 6. Quotes related to interprofessional collaboration. The quotes are stratified by System Usability Scale (SUS) score groups.
SUS score group: <70
•

“Good cooperation, same advice”

•

“The same advices, did not notice cooperation, I did know they coordinated amongst the two of them”

SUS score group: 70-80
•

“The combination of the mental health nurse and the physical therapist was good”

•

“There was an overlap, but that did not bother me, it was complementary”

SUS score group: >80
•

“I know they coordinated, they did not enter each other’s domains”

•

“One was more physical, the other was more psychological”

Theme 4: Integrated Design of the Blended Approach
Given that only 2 participants had previous experience with
blended care, interview questions about this new method of
delivering health care were asked. Some participants were
satisfied with the higher frequency of face-to-face appointments
at the start of the intervention, while others were not. The time
between appointments increases the chance of forgetting parts
of the treatments. The face-to-face sessions served as a reminder:

Participants also mentioned that it was important for face-to
face sessions and e-coaching to be coordinated. One participant
stated:
You are encouraged to do the online program and
then you come to practice and can get the information
again, it connects. [Participant #7]
Another stated that face-to-face sessions filled the gap that was
left on web-based platforms:

Because I forget a lot, so it's nice that I can have
feedback reminder. [Participant #5]
Participants suggested making the number of face-to-face
sessions dependent on individual preferences. One participant
said:

In fact, I first had to read the explanation on the
website and then my questions were discussed.
[Participant #10]
The possibility to schedule therapy based on personal
preferences however was seen as an advantage. For example:

I think you should personally consult with each
individual on the number of appointments. [Participant
#13]
Others indicated that the number of face-to-face appointments
should be made dependent on one’s experience with web-based
applications. For example:

I liked the times. It was possible for me to make an
appointment at the end of the day. [Participant #7]
The advantage of e-coaching was that participants could prepare
specific questions that could be asked during the face-to-face
sessions (eg, “I could ask specific questions I prepared myself”
[Participant #10]). Further, participants generally perceived
blended care as positive (eg, “But that you can check it yourself
at home. I think this is very good” [Participant #7]).

I think for me personally I could have done with fewer
appointments, as I am used to work online.
[Participant #8]

Participants appreciated the integrated design of the intervention
across all of the different SUS score groups (Textbox 7).

Textbox 7. Quotes related to the integrated design of the blended approach. The quotes are stratified by System Usability Scale (SUS) score groups.
SUS score group: < 70
•

“Because feedback is more specific for my own situation”

•

“Face-to-face was a reminder...I find personal contact to be very important”

SUS score group: 70-80
•

“The proportion [face-to-face and online] and frequency was good”

•

“Face-to-face and online matched”

•

“Repetition made it easier to remember”

SUS score group: >80
•

“I find it easy to combine with other activities, I could do with less appointments”

•

“The number of appointments should be based on personal preferences”
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Overall, the results of this study show that participants
experienced the intervention positively. This integrated blended
care intervention aimed to promote self-management among
patients and provide patients with insights into dealing with
their complaints. Participants stated that they learned about
self-management:
Now, I can estimate what I can do and cannot do.
[Participant #9]
I can actually do it all by myself. [Participant #8]
Participants also gained more insights into dealing with their
complaints:

Toonders et al
Knowing nothing is broken, that idea has reassured
me. [Participant #4]
Because of graded activity, pain turns into pride; I
am happier, undertake more, sing more; I'm enjoying
more. [Participant #11]
Textbox 8 includes all of the core themes that emerged from
the semistructured interviews and hence summarizes usability
from patients’ perspectives. It shows the factors that were
appreciated and lessons learned for improving usability.

Textbox 8. Summary of findings.
Factors that patients appreciated
•

Information being recognizable

•

The intervention as an incentive

•

The personal approach

•

The holistic approach

•

Interprofessional collaboration

Lessons learned for improving usability
•

Connect the intervention to the individual’s situation and motivation

•

Improve the accessibility of and technology support in e-coaching

•

Introduce the possibility of asking questions on web-based platforms

•

Personalize the intervention with respect to the amount of personal guidance alongside e-coaching

Discussion
Principal Findings
In this study, we evaluated patients’ perspectives on the usability
of an integrated blended care intervention. All included patients
participated in a 12-week proactive blended care intervention
in primary care with the aim of preventing the chronicity of
MUPS. Participants were all generally positive about the
received care. Various aspects of usability were highlighted,
and responses were categorized into 4 themes.
The first theme that arose from interviews was the motivations
and expectations of patients prior to the intervention. Existing
literature shows that interventions that match patients’
expectations are more effective in achieving sustainable changes
in patients [23]. This especially holds true for intrinsic
motivation rather than extrinsic motivation, which increases
one’s willingness to spend more time on assignments [34] and
results in better health care outcomes [35]. Motivation also
seems to be a factor of patients’ adherence to eHealth [36]. In
this study, we found differences in motivation related to
satisfaction. When the overall results of the interviews were
compared based on SUS scores, intrinsic motivation seemed to
be an important factor related to experienced usability. Another
factor that may influence a patient's motivation is patient
selection. In this study, an electronic screening method involving
the use of data from the electronic medical records of general
practitioners’ patients was used [29]. All eligible patients who
https://www.jmir.org/2021/9/e19794
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were at risk for the chronicity of complaints were proactively
approached by their general practitioners via an invitation letter.
The selection of patients via this approach also has implications
for patients’ motivation, as the chance of approaching patients
who may be less motivated may increase. To achieve adherence
in patients, one should therefore take motivation into account
in future interventions.
Many participants were not satisfied with the technical support
provided in e-coaching, as technical functions did not work and
logging in was a problem. The degree of satisfaction, which
was measured with the SUS, increases when the web-based
environment is understood and can be used. When patients were
uncertain about the usefulness of e-coaching, the e-coaching
modules were not used. This phenomenon has also been found
in literature. Adapting eHealth to users’ understanding and
capabilities leads to a more usable and useful system [23]. When
comparing the ages and educational levels of the participants
in the low and high SUS score groups, a finding that stood out
was that those with lower satisfaction were substantially younger
and had lower educational levels. Existing literature shows that
individuals with less education have worse actual and self-rated
skills for evaluating the quality of web-based health information
and lower trust in web-based health information compared to
those with more education [37]. Studies however have found
no consensus regarding the relationship between satisfaction
and age [37].
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Irrespective of the differences in satisfaction with e-coaching,
participants were satisfied with the interprofessional
collaboration. The holistic approach, through which physical
therapists and mental health nurses provided information from
different angles, was positively received by the participants.
The expectations of participants regarding the role of health
care professionals however differed among the SUS score
groups. The higher the SUS score, the more patients understood
that health care professionals acted as coaches rather than as
therapists. Participants in the lower SUS score group, for
instance, felt that they had to explain their complaints twice and
expected that the roles of physical therapists would include
more than just engaging in conversations and providing
exercises. As the organization of health care has changed (ie,
focusing more on prevention) [38], the role of health care
professionals will also change; health care professionals will
shift their focus from being a therapist to being more of a coach
[39]. It seems important to explain this new role at the start of
integrated blended care interventions in order to better shape
the expectations of patients. Aside from interprofessional
collaboration, attention should also be given to the collaboration
between professionals and patients. Shared decision-making
can support this process [40].
Participants appreciated the integrated design of the intervention
across all of the different SUS score groups. They positively
evaluated the possibility of saving texts and videos for future
reference and the repetition of information in e-coaching
combined with face-to-face sessions. The ability to personalize
face-to-face sessions by allowing patients to prepare specific
questions after studying the general information in the
e-coaching modules was appreciated. Earlier studies have
underlined the importance of face-to-face treatment combined
with web-based care, as this has been found to improve and
preserve outcomes [35,36,41]. The extent to which the
intervention was tailored to participants made interventions and
information recognizable. Participants also mentioned that an
important yet missing part of the intervention was a diary or a
free space for taking notes on exercises. The option to tick off
exercises and modules and the explanation of exercises were
considered to be helpful. These findings are supported by
literature stating that the key components of the positive effect
that eHealth has on health outcomes are personalization,
stimulation, goal setting, and the integration of e-coaching [21].
All of these elements were available in the integrated blended
care intervention.

Toonders et al
The results of this study demonstrate the usability of an
integrated blended care program for patients with MUPS. More
research is needed to investigate whether these results are patient
specific or whether the results of this patient population are
unique. What remains important is ensuring that the use of
technology in treatment fits the participants [42]. A checklist
can help health care professionals, together with patients, to
decide whether a patient is eligible for this program and whether
the program matches a patient’s characteristics (eg, abilities,
needs, and preferences) and prior experiences with blended care
[41].

Strengths and Limitations
A limitation of this qualitative study is that all information is
based on a specific integrated blended care intervention—the
PARASOL intervention. Therefore, some items of the core
themes are directly linked to this specific intervention. However,
recommendations are insightful in general when starting an
integrated intervention with a blended approach.
The theoretical construct of Bleser et al [26] was chosen. This
construct contains the performance, satisfaction, and
acceptability features. Other theoretical constructs for gathering
insights into usability also exist, such as the Unified Theory of
Acceptance and Use of Technology and the Technology
Acceptance Model. These other constructs however largely
overlap [43,44]. The Unified Theory of Acceptance and Use of
Technology focuses more on social influences related to
behavioral intention, whereas the Technology Acceptance Model
focuses on perceived usefulness and ease of use. Given the
findings of this study, including other measuring instruments,
such as the Intrinsic Motivation Inventory and the Rotter locus
of control scale, could be an interesting addition in future
research. These could shed more light on patients’ motivations
at the start of the program. The strengths of this study are the
use of an iterative process during the analysis of the results and
the use of triangulation methods during the whole research
process. Furthermore, patient involvement was sought in all
research phases.

Conclusions
The successful implementation of integrated blended care
interventions based on patients’ perspectives requires matching
treatments to patients’ individual situations and motivations. In
addition, personalizing the relative frequency of face-to-face
appointments and e-coaching is of importance.
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Abstract
Background: Diabetes has become one of the most prevalent chronic diseases, and many people living with diabetes use social
media to seek health information. Recently, an emerging social media app, TikTok, has received much interest owing to its
popularity among general health consumers. We notice that there are many videos about diabetes on TikTok. However, it remains
unclear whether the information in these videos is of satisfactory quality.
Objective: This study aimed to assess the quality of the information in diabetes-related videos on TikTok.
Methods: We collected a sample of 199 diabetes-related videos in Chinese. The basic information presented in the videos was
coded and analyzed. First, we identified the source of each video. Next, 2 independent raters assessed each video in terms of the
completeness of six types of content (the definition of the disease, symptoms, risk factors, evaluation, management, and outcomes).
Then, the 2 raters independently assessed the quality of information in the videos, using the DISCERN instrument.
Results: In regard to the sources of the videos, we found 6 distinct types of uploaders; these included 3 kinds of individual users
(ie, health professionals, general users, and science communicators) and 3 types of organizational users (ie, news agencies,
nonprofit organizations, and for-profit organizations). Regarding content, our results show that the videos were primarily about
diabetes management and contained limited information on the definition of the disease, symptoms, risk factors, evaluation, and
outcomes. The overall quality of the videos was acceptable, on average, although the quality of the information varied, depending
on the sources. The videos created by nonprofit organizations had the highest information quality, while the videos contributed
by for-profit organizations had the lowest information quality.
Conclusions: Although the overall quality of the information in the diabetes videos on TikTok is acceptable, TikTok might not
fully meet the health information needs of patients with diabetes, and they should exercise caution when using TikTok as a source
of diabetes-related information.
(J Med Internet Res 2021;23(9):e30409) doi:10.2196/30409
KEYWORDS
diabetes; information quality; infodemiology; social media; short video apps; TikTok

Introduction
Diabetes has become one of the most prevalent chronic diseases
throughout the world. According to a recent report by the
https://www.jmir.org/2021/9/e30409
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International Diabetes Federation, the estimated global
prevalence of diabetes in people aged 20-79 years reached 493
million in 2019, accounting for 9.3% of the total world
population [1]. Crude estimates of diabetes prevalence are 13.0%
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for US adults [2] and 12.8% for Chinese adults [3]. This high
prevalence of diabetes results in huge financial burdens and
losses for societies. In 2019, diabetes and related complications
led to approximately 4.2 million deaths globally and resulted
in US $760 billion of health expenditures [1]. Therefore, there
is a pressing need to take action in managing diabetes.
Individuals living with diabetes can actively manage their
chronic condition. Early studies suggest that intensive blood
glucose control can greatly reduce the risk of complications
from the disease [4-6]. However, effective blood glucose control
is not an easy task among people living with diabetes. Adequate
glycemic controls require a constellation of actions, such as a
customized diet, exercise plans, regular self-assessments of
blood glucose levels, and optimized medication [7]. According
to one study, in 2013, only 25.8% of patients with diabetes had
received treatment in China, and only 39.7% of those treated
had adequate blood glucose control [8]; such low treatment and
adherence rates may be associated with people’s limited
knowledge of the disease [9]. People living with diabetes often
have diverse needs for information regarding their chronic
condition, such as basic information on diabetes and the
effectiveness of treatment options, on the sequelae of diabetes,
blood glucose control, etc [10]. Nevertheless, they usually
encounter many difficulties finding relevant and
easy-to-understand information on their conditions [11].
Emerging internet technologies provide opportunities for better
health communication and patient education. The internet has
shifted the role of patients from passive information recipients
to active information seekers [12]. General health information
consumers use social media platforms (eg, discussion forums,
microblogs, and group chatting) to seek both instrumental advice
and emotional support [13-15]. Patients with diabetes who
actively use social media for information, according to recent
evidence, are associated with having lower glycated hemoglobin
values [16]. A possible explanation for this is that social media
provides patients with many opportunities to gain health
knowledge, thereby increasing patient activation (ie, the ability
and willingness that equip patients to take active action in
managing their health care) [17]. Therefore, it is essential to
utilize social media for better health communication for
managing diabetes conditions.
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Despite the considerable benefits of social media, its use for
health communication has some limitations. In the literature,
the quality of the information is the most extensively mentioned
concern [18]. The possibility of encountering faulty health
information on social media increases risks for patients, who
may make health decisions on the basis of inaccurate
information [19]. The quality of unmoderated information poses
challenges for both patients and health care providers. On one
hand, patients need to be able to distinguish high-quality
information sources from low-quality ones [20,21]; one the
other, health professionals and institutions are expected to
respond to and combat health misinformation to protect the
public [22]. Therefore, it is important to examine the quality of
health information on social media.
Recently, an emerging short video app, TikTok, has attracted
the interest of health care researchers [23]. During the
COVID-19 pandemic, health-related videos on TikTok were
widely viewed and shared. For example, COVID-19–related
videos on the app have been watched approximately 93.1 billion
times [24]. TikTok contains many videos about diabetes;
however, their quality remains unstudied. To address this gap,
this study aimed to systematically assess the quality of the
information in diabetes-related videos on TikTok.

Methods
Search Strategy and Data Extraction
Using the keyword “糖尿病” (“diabetes” in Chinese), we
searched TikTok during the period from January 20-25, 2021,
and we retrieved the first 250 videos delivered by TikTok’s
recommended sorting process. We included the videos directly
related to diabetes and excluded videos on other topics,
commercial advertisements, and videos with no sound. After
the screening, we obtained 199 videos for further data extraction
and analysis (Figure 1).
We retrieved and extracted the basic information for each video,
including the URL, publication date, name of the uploader, type
of uploader (individual vs organization), uploaders’ verification
status, length of the video, number of times it was shared, and
number of “likes” and comments it received. The extracted data
were recorded in Excel (Microsoft Inc).

Figure 1. Video screening procedure.

Measures
We measured 2 aspects of diabetes-related videos on TikTok:
their content and the quality of their information. First, we
https://www.jmir.org/2021/9/e30409
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adopted the coding schema proposed by Goobie et al [25] to
rate the quality of six types of content: the definition of the
disease, signs/symptoms, risk factors, evaluation, management,
and outcomes. Two raters assessed each video independently
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and scored how sufficiently the video addressed each of the
content types on a 3-item scale: 0 points (no content), 1 point
(some content), 2 points (extensive content).
To rate the quality of the information, we adopted the DISCERN
instrument. According to a systematic review [26], since its
publication in 1998, DISCERN has been one of the most widely
adopted instruments for assessing the quality of health
information. It is a brief questionnaire that enables its users to
assess the quality of health information concerning treatment
choices [27]. The instrument consists of 16 questions, with
response choices based on a 5-point scale, ranging from 1=poor
to 5=good. These 16 questions are divided into 3 sections. The
first 8 concern the reliability of the publication, such as whether
its aims are clear and whether it is relevant, balanced, and
unbiased. The scores for this section indicate whether the
publication can be trusted as a source of information for
choosing a treatment for a particular disease. The 7 questions
in the second section focus on the details of treatment choices,
such as whether the publication describes how each treatment
works and explains its risks and benefits. The scores for this
section reflect the quality of the publication’s information about
treatment choices (including self-care). The third section consists
of 1 final question, based on all the previous ones; it asks users
to rate the overall quality of the publication as a source of
information about treatment choices. Of note is the fact that,
although the original DISCERN instrument was designed for
evaluating written publications, it has been widely used for
assessing health-related videos. For example, researchers have
used it to evaluate YouTube videos informing patients about
treatments for cancer [28,29] and diabetes [30].

Rating process
Two authors (WK and LS) worked on the rating tasks; both are
certified physicians who work at endocrinology departments at
2 local hospitals. The raters independently scored each video
for its coverage of the 6 types of content and applied the 16
questions of the DISCERN instrument. Interrater reliability was
assessed with SPSS (version 22, IBM Corp). The interrater
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reliability for each of the 6 items relating to video content ranged
from 0.813 to 0.981, and all of the reliability coefficients are
highly significant at an error margin of 0.1%. The interrater
reliability for each of the 16 items of the DISCERN instrument
ranges from 0.898 to 0.991, and all of the reliability coefficients
are highly significant at an error margin of 0.1%. These results
indicate satisfactory interrater reliability.

Results
Video Sources
We identified 2 primary sources of the videos: individual and
organizational users. We further identified 3 types of video
creators among individual users: health professionals, science
communicators, and general users. Among organizational users,
we identified three types of sources: news agencies, nonprofit
organizations, and for-profit organizations.
The results suggest that individual users published most of the
videos (n=156, 78.4%). Among individual users, health
professionals contributed the most videos (n=138, 69.3%),
followed by general users (n=12, 6.0%), and science
communicators (n=6, 3.0%). We noted that only 43 videos were
uploaded by organizational users, and these accounted for 21.6%
of the videos in our sample. Among organizational users, news
agencies contributed the most videos (n=31, 15.6%), followed
by nonprofit organizations (n=7, 3.5%) and for-profit
organizations (n=5, 2.5%) (Table 1).
In our sample, the shortest video lasts only 13 seconds, while
the longest lasts 407 seconds. On average, the videos are
approximately 1 minute long. All videos were published after
2019. The earliest video had been on TikTok for 589 days, while
the latest one was published 3 days prior to the day we collected
the data. The videos in the sample received 2.75 million “likes”
and 157,700 comments and were shared 305,200 times. Table
2 shows the characteristics of the videos, described by the
median numbers across different sources.

Table 1. Descriptions of video sources.
Source type

Source description

Videos, n (%)

Health professionals

Individuals who identify themselves as health professionals (eg, doctors and nurses)

138 (69.3)

General users

General users (eg, general health consumers)

12 (6.0)

Science communicators

Individuals who are engaged in scientific communication (eg, popular science writers) 6 (3.0)

Individual users (n=156)

Organizational users (n=43)
News agencies

News agencies and the press

31 (15.6)

Nonprofit organizations

Organizations operated for collective, public, or social benefit and public hospitals

7 (3.5)

For-profit organizations

Organizations that pursue commercial interests

5 (2.5)
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Table 2. Characteristics of the videos across sources (median numbers).
Source type

Length of video
(seconds), median

Days on TikTok,
median

“Likes,” median

Comments, median Times shared, median

Health professionals (n=138)

50.5

131

4191

164

802.5

General users (n=12)

135.5

161

3089.5

78.5

891

Science communicators (n=6)

43

135

24,000

593

4966

News agencies (n=31)

43

90

9917

167

3505

Nonprofit organizations (n=7)

52

200

23,000

194

3023

For-profit organizations (n=5)

63

317

33,000

405

6759

Video Content
It was not our intention to exclude any type of diabetes during
searching and screening. However, we found that most of the
videos were about type 2 diabetes mellitus (n=193, 97%). We
identified only 4 (2%) videos about gestational diabetes mellitus
and 2 (1%) videos about type 1 diabetes mellitus.
Moreover, we averaged the scores of the 2 raters for each aspect
of the video content and obtained scores that ranged over the

full 5-point scale, from “no content” to “extensive content.”
The results show that more than half of the videos contain little
or no content on the definition of the disease, symptoms, or
evaluations of diabetes. Overall, 46.2% of the videos contain
little or no content on diabetes-related risk, and 66.8% have
some or more information on outcomes. Management of diabetes
was the most frequent topic in the sample. Overall, 67.8% of
the videos sufficiently introduced diabetes management (Table
3). The overall scores for all the videos are given in Figure 2.

Table 3. Completeness of video content.
Content

Definition, n
(%)

Symptoms, n
(%)

Risk factors, n
(%)

Evaluation, n
(%)

Management, n Outcomes, n
(%)
(%)

No content (0 points)

113 (56.8)

115 (57.8)

79 (39.7)

100 (50.3)

14 (7.0)

54 (27.1)

Little content (0.5 points)

27 (13.6)

9 (4.5)

13 (6.5)

8 (4.0)

3 (1.5)

12 (6.0)

Some content (1 point)

52 (26.1)

47 (23.6)

66 (33.2)

54 (27.1)

44 (22.1)

115 (57.8)

Most content (1.5 points)

7 (3.5)

14 (7.0)

17 (8.5)

4 (2.0)

3 (1.5)

5 (2.5)

Extensive content (2 points)

0 (0)

14 (7.0)

24 (12.1)

33 (16.6)

135 (67.8)

13 (6.5)

Figure 2. Completeness of video content.
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Information Quality
Our results suggest that the general quality of the diabetes
information videos on TikTok is acceptable. Overall, the videos
published by the nonprofit organizations had the highest
DISCERN scores, followed by those published by the health
professionals and news agencies. The videos published by the
for-profit organizations had the lowest total DISCERN scores,
followed by those of the science communicators and general
TikTok users. The mean numbers for the whole instrument
indicate significant differences across the video sources, at
α=.01 (Table 4).

Regarding reliability, videos published by the nonprofit
organizations had the highest scores, while those from the
for-profit organizations had the lowest scores. Our results
suggest that nonprofit organizations, news agencies, and
individual health professionals also contributed videos with
relatively high reliability. The differences in reliability across
the different video sources are significant, at α=.01.
In regard to treatment choices, diabetes-related videos on TikTok
were of medium to low quality. Nonprofit organizations and
health professionals contributed higher-quality videos on
treatment choices than other sources; however, the differences
are not significant.

Table 4. DISCERN scores of diabetes-related TikTok videos by source.
Reliability of the videos

Quality of treatment choices Overall information quality

(items 1-8)a, mean (SD)

(items 9-15)b, mean (SD)

(item 16)c, mean (SD)

Total DISCERN scoresd,
mean (SD)

Health professionals (n=138)

28.10 (3.59)

16.37 (5.00)

3.26 (0.67)

47.74 (7.71)

General users (n=12)

25.38 (3.19)

13.42 (3.63)

2.58 (0.51)

41.38 (6.14)

Science communicators (n=6)

25.00 (3.21)

15.25 (5.29)

3.08 (0.20)

43.33 (8.23)

News agencies (n=31)

28.48 (3.76)

16.02 (5.14)

3.23 (0.71)

47.73 (7.39)

Nonprofit organizations (n=7)

29.14 (2.25)

18.00 (3.40)

3.50 (0.50)

50.64 (4.61)

For-profit organizations (n=5)

24.20 (30.50)

13.20 (5.03)

2.60 (0.55)

40.00 (7.11)

Video source

a

P=.005 (1-way analysis of variance).

b

P=.23 (1-way analysis of variance).

c

P=.004 (1-way analysis of variance).

d

P=.009 (1-way analysis of variance).

Discussion
Principal Findings
This study systematically evaluated the information quality of
diabetes-related videos on TikTok. According to a recent
systematic review [13], the use of social media as a source of
information is gaining in popularity among patients with
diabetes. The various social media channels provide patients
with a convenient means to seek medical knowledge and get
social support [31]. While traditional social platforms (eg,
Facebook, Twitter, and Instagram) have been widely
investigated as channels of diabetes-related health
communication [32], the role of emerging, mobile-based apps
in disseminating diabetes knowledge is not yet fully understood.
Our results reveal that TikTok is a powerful platform for
disseminating diabetes-related information. The 199 diabetes
videos examined in our study received 2.75 million “likes” and
were commented on and shared thousands of times, which
indicates that TikTok is a promising channel for health
communication.
We identified 2 main categories of video uploaders (ie,
individual and organizational users), each containing several
more specific types of users. Individual users included health
professionals, science communicators, general TikTok users;
organizational users comprised news agencies, nonprofit
organizations, and for-profit organizations. Health professionals
contributed the most videos, while the for-profit organizations
contributed the least. Many prior studies have suggested that
https://www.jmir.org/2021/9/e30409
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health professionals and organizations can utilize social media
for effective health communication and public health promotion
[33,34]. Our study revealed that health professionals in China
have been actively engaged in promoting diabetes knowledge
via TikTok; however, nonprofit health organizations use this
emerging video-based channel less frequently.
In terms of video content, the study found 3 types of imbalances.
First, most of the videos were about type 2 diabetes mellitus,
while very few videos discussed gestational diabetes mellitus
and type 1 diabetes mellitus. Second, most of the videos were
about disease management, but few fully addressed other aspects
of content, such as the definition and symptoms of the disease,
risk factors, evaluation, and outcomes. Third, when many videos
are generally reliable, these videos were of average to fair
quality concerning treatment choices. Prior studies suggest that
patients with diabetes have various health information needs,
including a need for information about treatment, course of the
disease, abnormalities in glucose metabolism, progression of
diabetes through their life cycle, coping techniques, and
prevention [35,36]. Moreover, these information needs vary,
depending on the type of diabetes mellitus. For example, young
people with type 1 diabetes mellitus may be particularly
interested in “diabetes through the life circle” [35]. Given the
observed imbalances in video content, we suspect that current
diabetes-related videos on TikTok cannot fully meet patients’
information needs. Therefore, we call for more pertinent videos
to address patients’ comprehensive information needs.
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Our study found that the quality of information in the videos
differed with the type of source. Videos published by nonprofit
organizations had the highest quality, while those from the
for-profit organizations had the lowest quality. This finding is
consistent with those of prior studies, which suggest that
government-sponsored platforms are more likely to publish
high-quality information than for-profit organizations [25].
Unfortunately, the videos contributed by the nonprofit
organizations account for a mere portion of the total corpus of
diabetes-related videos on TikTok. We suggest that government
departments and public hospitals contribute more high-quality
material and leverage the power of this social media channel to
promote public health. Given the large variations in information
quality from the different sources, we also suggest that patients
exercise caution when using TikTok to obtain diabetes-related
information.

Limitations and Future Directions
The findings of this study should be viewed in light of several
limitations. First, the study looked only at the quality of diabetes
information, not the quality of communication. For example,
we observed that the communication modalities varied largely
in the TikTok videos. Some videos used rich materials (eg,
illustrative images or cases and visual data) to communicate
the information, while some were based on plain narratives.
Unfortunately, the instruments employed in this paper targeted
information quality and overlooked the quality of
communication. We call for more empirical studies in the future
to investigate the communication quality of diabetes-related
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videos on TikTok. Second, the videos included in our study
were in Chinese; therefore, the findings cannot be applied to
diabetes-related videos on TikTok in other languages (eg,
English). We encourage future researchers to assess the
information quality of diabetes-related videos in other languages
to obtain deeper insight into quality issues with diabetes-related
videos on TikTok. Third, there are many instruments for
assessing the quality of health-related information, such as
DISCERN, JAMA benchmarks, and the HONcode principles.
This study employed the DISCERN instrument because it has
proved effective for assessing the quality of videos on other
platforms and apps (eg, YouTube). However, we encourage
more studies using a variety of instruments to triangulate the
validity of these findings in the future.

Conclusions
This study assessed the information quality of 199
diabetes-related videos on the short video mobile app TikTok.
The results show that the videos primarily addressed diabetes
management but contained limited information on other types
of content, such as the definition and symptoms of the disease,
risk factors, evaluation, and outcomes. The overall quality of
the diabetes videos was found to be acceptable on average,
although it varied significantly, depending on the type of source.
We conclude that the health information needs of patients with
diabetes might not be fully met by watching TikTok videos,
and patients should exercise caution when using TikTok for
diabetes-related information.
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Abstract
Background: Along with the proliferation of health information technologies (HITs), there is a growing need to understand
the potential privacy risks associated with using such tools. Although privacy policies are designed to inform consumers, such
policies have consistently been found to be confusing and lack transparency.
Objective: This study aims to present consumer preferences for accessing privacy information; develop and apply a privacy
policy risk assessment tool to assess whether existing HITs meet the recommended privacy policy standards; and propose guidelines
to assist health professionals and service providers with understanding the privacy risks associated with HITs, so that they can
confidently promote their safe use as a part of care.
Methods: In phase 1, participatory design workshops were conducted with young people who were attending a participating
headspace center, their supportive others, and health professionals and service providers from the centers. The findings were
knowledge translated to determine participant preferences for the presentation and availability of privacy information and the
functionality required to support its delivery. Phase 2 included the development of the 23-item privacy policy risk assessment
tool, which incorporated material from international privacy literature and standards. This tool was then used to assess the privacy
policies of 34 apps and e-tools. In phase 3, privacy guidelines, which were derived from learnings from a collaborative consultation
process with key stakeholders, were developed to assist health professionals and service providers with understanding the privacy
risks associated with incorporating HITs as a part of clinical care.
Results: When considering the use of HITs, the participatory design workshop participants indicated that they wanted privacy
information to be easily accessible, transparent, and user-friendly to enable them to clearly understand what personal and health
information will be collected and how these data will be shared and stored. The privacy policy review revealed consistently poor
readability and transparency, which limited the utility of these documents as a source of information. Therefore, to enable informed
consent, the privacy guidelines provided ensure that health professionals and consumers are fully aware of the potential for privacy
risks in using HITs to support health and well-being.
Conclusions: A lack of transparency in privacy policies has the potential to undermine consumers’ ability to trust that the
necessary measures are in place to secure and protect the privacy of their personal and health information, thus precluding their
willingness to engage with HITs. The application of the privacy guidelines will improve the confidence of health professionals
and service providers in the privacy of consumer data, thus enabling them to recommend HITs to provide or support care.
(J Med Internet Res 2021;23(9):e26317) doi:10.2196/26317
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privacy; mental health; technology; digital tools; smartphone; apps
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Introduction
Health Information Technologies
Digital health has quickly become an integral component of
best practice health care, transforming the way care is delivered.
By capitalizing on digital infrastructure, it is widely recognized
that digital health solutions improve access to care, particularly
for individuals with mobility or transport restrictions, or for
those who live remotely where health care resources may be
limited [1,2]. The availability of health information technologies
(HITs) is proving invaluable during the COVID-19 pandemic,
where face-to-face mental health care is often delivered digitally
(eg, videoconferencing) [3]. Beyond access issues, however,
digital health also has the potential to optimize or eliminate
waitlists and facilitate routine outcome monitoring to strengthen
and maintain patient-health professional relationships [4],
allowing for shared, data-driven decision-making on appropriate
treatment plans [5]. With a greater need for and reliance on
digital health solutions for screening, treatment, and ongoing
maintenance of health, there is now an increased focus on the
privacy and security of personal and health information collected
via HITs, such as health-related apps and e-tools (eg, websites
and web-based courses).

Legal and Ethics Rights of Individuals
It is crucial to consider the legal and ethical rights of individuals
who choose to both explicitly and passively share their
web-based health information. This is essential, particularly in
the area of mental health care, where data often contain highly
personal information that could cause significant harm and
distress if not handled appropriately. There is increasing
documentation and guidance in this area, such as the recent
release of the National Safety and Quality Digital Mental Health
Standards (consultative draft) by the Australian Commission
on Safety and Quality in Health Care [6], which includes
educational brochures that provide tips to consumers, caregivers
[7], and clinicians [8] on choosing a digital mental health
service. Specific to privacy, the Australian Privacy Principles
require that all organizations have a clearly expressed and
current privacy policy detailing how personal information is
managed [9]. As personal and health information is deemed
particularly sensitive, extra protection concerning its handling
was established under the Privacy Act 1988 [10]. The World
Economic Forum also has highlighted trust as one of the primary
issues that needs to be addressed on a global scale to ensure
consumers’ and health professionals’ trust in the privacy and
security standards of new digital tools and technology-based
therapies [11].

Privacy Practices of HITs
The use of health-related apps has rapidly increased in recent
years, with 47% of Australian consumers using apps in 2018
[12]. Health professionals are also increasingly recommending
HITs as part of clinical practice. For example, approximately
half of Australian general practitioners responding to an annual
technology survey indicated that they recommend HITs for at
least monthly use by patients, with mindfulness and mental
health apps recommended most often [13]. Although HITs,
including apps and e-tools, have gained considerable favor with
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consumers and health professionals for promoting
self-management of health and well-being, the privacy of
personal and health information remains a notable area of
concern. A systematic review of 79 health and wellness apps
certified as clinically safe and trustworthy by the United
Kingdom National Health Service Health Apps Library found
that 66% of apps transmitting personal information on the
internet did so without encryption, and 20% did not have any
form of privacy policy [14]. Furthermore, although no app
collected or shared information in a manner that was not
explicitly stated in the privacy policy, the nature of the personal
information included in such transmission was not described in
78% of policies [14]. A recent cross-sectional assessment of 36
top-ranked apps found that 92% of them transmitted data to a
third party; however, only 64% of privacy policies made this
explicit. In addition, only 43% and 50% of privacy policies
disclosed that apps were transmitting data to Google and
Facebook, respectively [15]. This begs the question, can users
trust that personal and health information collected via HITs
will be kept private and secure?

Objectives
This study aims to use co-design methodologies to better
understand young people’s preferences for learning about how
their personal and health information will be handled by HITs
and create prototypes for the InnoWell Platform. The InnoWell
Platform was developed by InnoWell, a joint venture between
the University of Sydney and PricewaterhouseCoopers (PwC;
Australia) through Project Synergy, an Aus $30 million (US
$22.1 million) Australian government–funded initiative [16].
As described previously [5,17], the InnoWell Platform is a
co-designed digital tool embedded within traditional in-clinic
and web-based mental health services to support
person-centered, measurement-based care. This study also seeks
to develop and apply a privacy policy risk assessment tool to
assess whether existing HITs meet the recommended privacy
policy standards and present guidelines to assist health
professionals and service providers to ask the appropriate
questions for themselves and HIT manufacturers to ensure that
they can confidently promote the safe use of HITs as part of
care.

Methods
Phase 1
Participatory Design Workshops
Participatory design (ie, co-design) methodologies are routinely
used to ensure that digital tools are designed to meet the needs
of the intended user base, thus increasing uptake and
engagement [18,19]. Our research team has extensive experience
in the use of participatory design, including workshop design
and facilitation as well as knowledge translation [19-23].
Our research team conducted a series of 10 participatory design
workshops from July to September 2018 in 9 urban and rural
headspace centers across Australia (Ashfield, Bathurst, Broken
Hill, Dubbo, Orange, Wagga Wagga, and Wollongong, New
South Wales [NSW]; Townsville, Queensland; Edinburgh North,
South Australia). headspace centers are primary mental health
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services providing support to young Australians and their
families to promote mental health and engagement with the
community. The methods and results of these workshops were
previously reported in detail by Cheng et al [24]. In summary,
the workshops brought together key stakeholders from the
participating headspace communities, including help-seeking
young people, supportive others, health professionals, and
service providers, to collaboratively discuss technology designs,
ideas, and principles to support mental health and well-being.
In these workshops, technology designs, ideas, and principles,
including the concepts of data privacy and security, were
evaluated by the participants. Due to varying numbers of
participants and other contextual factors, workshops ranged
from 2.5 to 4 hours in duration and consisted of the following
stages: discovery, evaluation, and prototype. The discovery
stage focused on current ways in which technology is used by
participants, including for the purposes of supporting mental
health, internet access issues in regional communities, and
concerns about sharing personal and health information via
web-based programs or tools. During the evaluation stage,
participants were presented with images of components of the
InnoWell Platform and asked to document their feedback.
Finally, in the prototype stage, participants were given the
opportunity to brainstorm new items, functionalities, and
wireframes using sketchbooks for the components or
functionalities of the InnoWell Platform. In this paper, we
present findings related to the development and inclusion of
privacy information in HITs as co-designed by the participants.
Importantly, these results were not included in the original
publication [24].

Participants
Participants included individuals from the participating
headspace communities, including young people attending a
participating headspace center, a supportive other of a young
person attending a participating headspace center (eg, family
member, caregiver, or friend), or a health professional or service
provider working at a participating headspace center. The
inclusion criteria for participation in the study required
participants to be aged ≥12 years, proficient in reading and
speaking English, and having completed the participant consent
process. Details of recruitment, screening, and informed consent
processes have been previously documented by Cheng et al
[24].

Knowledge Translation
The InnoWell Platform consists of a multidimensional
assessment evaluating a range of biopsychosocial domains (eg,
psychological distress, sleep, alcohol use, and physical health)
to provide a holistic view of the consumer. The assessment
results are available in real time and designed to be reviewed
collaboratively by the consumer and their health professional
to promote shared decision-making about care options,
accounting for consumer preferences. A consumer’s progress
can then be routinely tracked and monitored over time using
assessment tools to inform treatment planning, clinical review,
and coordinated care within and between services.
As previously described [24], workshop notes and descriptive
artifacts were reviewed by an independent knowledge translation
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XSL• FO
RenderX

LaMonica et al
team with 2 young researchers without previous knowledge of
the InnoWell Platform or the fundamental principles
underpinning its design. Each team member, taking note of their
general observations, reviewed all data independently and
subsequently identified the key concepts noted by workshop
participants to then produce prototype designs of the components
of the InnoWell Platform.

Ethics
This study was approved by the University of Sydney’s Human
Research Ethics Committee (protocol number: 2018/130).

Phase 2
Development of the Privacy Policy Risk Assessment Tool
Drawing from digital health privacy and security criteria
published by existing research and professional associations,
our research team developed a privacy policy risk assessment
tool (Multimedia Appendix 1) to evaluate privacy policies for
HITs, including apps and e-tools. Developed in 2018 by a
multidisciplinary expert panel of health professionals,
informaticists, medical students, and consumers with lived
experience of mental illness, the American Psychiatric
Association app evaluation model includes risk, privacy and
safety questions as part of their simple four-stage hierarchal app
review process [25]. Although the American Psychiatric
Association model served as the primary reference, to ensure
an all-encompassing assessment tool, we also incorporated
details from the National and Safety Quality Digital Mental
Health Standards developed by the Australian Commission on
Safety and Quality in Health Care to improve the quality of
digital mental health care and protect the privacy of service
users [6]. The final privacy policy risk assessment tool consists
of 23 items covering (1) privacy policy (6 items), (2) personal
health information (PHI; 4 items), (3) data security and storage
(9 items), and (4) other aspects of privacy (4 items). As the
questions and concepts included in the privacy policy risk
assessment tool were drawn from previously published privacy
and security standards, we were confident that the measure has
face and construct validity; however, a specific validity analysis
was not conducted.

Review of Digital Health Tool Privacy Policies
Importantly, the privacy policy risk assessment tool is broadly
applicable to HITs. To demonstrate its utility, in this study, we
evaluated the privacy policies of the apps and e-tools in the
youth configuration of the InnoWell Platform [16]. Within the
InnoWell Platform, there are two types of care options: clinical
and nonclinical. Clinical care options require health
professionals’ involvement, such as individual therapy and
group therapy, whereas a consumer can immediately access and
begin using nonclinical care options, such as apps and e-tools,
without the support of a health professional [26]. During the
co-design process, care options are tailored to the consumer
population; in this case, young people receiving care through
primary youth mental health services (eg, headspace centers).
Aligned with established evaluation processes [15], privacy
policies and any related material that may contain
privacy-related content, such as terms and conditions, were
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sourced from associated websites and app store links. A
nonrestrictive process was used, allowing all hyperlinks from
the app store or within the privacy policy to be considered. All
available information was collated and reviewed in accordance
with the privacy policy risk assessment tool developed primarily
by a member of the research team (AER), with support from a
research intern (Toby Wong).

Assessing Readability
The readability levels of each privacy policy were assessed as
part of the evaluation process. There are multiple readability
formulas available; however, for the purpose of this study, we
used the Flesh-Kincaid readability tests because of their
acceptance in the health care literature [27]. The readability
tests were designed to indicate how difficult an English passage
of writing is to understand using a formula calculated from the
average number of syllables per word and the average number
of words per sentence [28]. Both the Flesch reading ease and
the Flesch-Kincaid reading grade level were calculated using
the web-based readability tools [29]. The scores indicate the
readability of a passage of text on a scale from “very easy to
read" to "very difficult to read” and “fifth grade reading level”
to “professional reading level,” respectively. Scores were
calculated using the first two paragraphs of the privacy policies.
The paragraphs (at least 100 words) were copied into a
readability formula calculator, and a score was given.

Data Analysis
Descriptive statistics were used to analyze all aspects of the
assessment data. SPSS version 25 (IBM Corp) was used for all
analyses.

Phase 3
Development of Privacy Guidelines: Consultations
As a result of Project Synergy and the development of the
InnoWell Platform, a set of core principles and privacy
guidelines were used as the starting point to formalize a more
encompassing set of privacy guidelines. A series of consultations
were held between 2014 and 2016 (phase 1) and then again
between 2017 and 2018 (phase 2) to develop a set of privacy
guidelines for Project Synergy. Initial consultations were
conducted by Orygen (the National Centre of Excellence in
Youth Mental Health) [30]. The subsequent consultations were
conducted by the Project Synergy research and development
team (led by the authors TAD and IBH). These consultations
were held at the University of Sydney’s Brain and Mind Centre,
either in-person or via teleconference, and brought together key
stakeholders across relevant organizations.

Participants
Participants included key stakeholder groups, including Orygen
(the National Centre of Excellence in Youth Mental Health),
the Young and Well Cooperative Research Centre, Mental
Health Commission of NSW (Pacific Privacy Consulting Pty
Ltd), the Project Synergy research and development team (the
University of Sydney’s Brain and Mind Centre), InnoWell, and
PwC (Australia). Select individuals were nominated by each
organization, with participants contributing diverse expertise
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and experience, such as the involvement of 2 ex-serving privacy
commissioners for NSW and Victoria (Australia).

Preliminary Development of Privacy Guidelines for
Phase 1 Project Synergy (2014-2016)
From the outset of the development cycle of the prototype and
as part of phase 1 of Project Synergy (2014-2016) [16], this
ongoing series of consultations were envisaged to inform the
development of the privacy guidelines. Therefore, an initial set
of guidelines was developed; these guidelines were produced
by Orygen and supported by the Young and Well Cooperative
Research Centre and the Mental Health Commission of NSW
[30]. They were also reviewed by the Project Synergy research
and development team at the University of Sydney’s Brain and
Mind Centre (the authors) and Pacific Privacy Consulting.

Ongoing Development of Privacy Guidelines for Phase
2 of Project Synergy (2017-2020)
As a result of the review of the initial guidelines developed in
phase 1 of Project Synergy, a narrower focus was decided upon
and used as the starting point for the development of more
encompassing privacy guidelines for phase 2 of Project Synergy
(2017-20). Specifically, upon review of the initial guidelines
whereby the University of Sydney and Pacific Privacy
Consulting determined that privacy concerns were the most
important priority, a narrower focus was given to 8 core
foundation principles to be followed by organizations using the
prototype in phase 1 of Project Synergy (2014-2016) [16]. The
core foundation principles included responsibility for legal
compliance, anonymous or pseudonymous services wherever
practicable, individual control, transparency, interaction with
individuals, encryption, deidentification, and cross-border
processing risk. Development of the broad structure and content
of the guidelines was guided by the Project Synergy research
and development team, with review and input by Pacific Privacy
Consulting and InnoWell.
This paper presents privacy guidelines to assist health service
providers in considering the privacy of their consumers when
using HITs as part of care. The guidelines were first drafted by
the Project Synergy research and development team based on
the information gathered through the initial collaborative
consultation process. The checklist was then reviewed,
discussed, and evaluated by the research team, ultimately
resulting in agreement by consensus.

Results
Knowledge Translation Findings
The results of the knowledge translation process highlighted
that participants wanted privacy information to be presented
before being required to create an account. Specifically, they
emphasized the need for privacy information to be readily
available, allowing a user to be completely comfortable when
entering more sensitive information into a HIT, such as the
InnoWell Platform (eg, “Always ask could this site be more
secure with my information” [Wollongong workshop]). This
included the ability to change permissions concerning data
sharing at their discretion (eg, “[I] would want privacy settings
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in place so that not everyone that shares the system can see”
[Broken Hill workshop]). Participants noted that privacy
information is frequently confusing and difficult to understand,
leaving them unsure whether they should trust the HIT to protect
their personal and health information. Thus, multiple participants
suggested a pin code or password (eg, “Consider password
security like in bank apps.” [Townsville workshop]) to access
certain data so the consumer controls who has access to their
information in the InnoWell Platform. Importantly, the idea of
consumer control extended beyond HIT manufacturers such as
InnoWell and included health professionals and supportive
others (ie, family members and carers) accessing personal and
health information (eg, “Need privacy setting like
Facebook...can filter who can see the information” [Bathurst
workshop]).

App and e-Tool Privacy Policy Assessment
We evaluated 34 privacy policies using the privacy policy risk
assessment tool. Most of these apps and e-tools were designed
for both youth and adult users (28/34, 82%), whereas the
remaining 18% (6/34) were specifically designed for youth
audiences (aged ≤25 years). Most apps and e-tools (20/34, 59%)
were self-help or self-management tools supporting mental
health and well-being, including three specifically using
cognitive behavioral therapy techniques. There were also 12%
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(4/34) symptom trackers, 6% (2/34) web-based counseling
services, 6% (2/34) planning and time management tools, 6%
(2/34) psychoeducational websites, and 2% (1/34) mindfulness
and meditation app. The remaining apps and e-tools supported
fitness (2/34, 6%) and relationships (1/34, 2%).

Summary of Privacy Policy Information
Overview
The summary results from the review of privacy policies are
presented in Table 1. All apps and e-tools had privacy policies.
Some of the policies were not readily accessible directly from
the app or e-tool but rather were hosted on an external website
that the app or e-tool privacy policy fell under (ie, a privacy
policy for a hospital or government department). Importantly,
most of the policies (26/34, 76%) explicitly stated that they met
the standards of the Privacy Act 1988 (Australia) or international
equivalent (ie, Health Insurance Portability and Accountability
Act). In addition, most manufacturers (31/34, 91%) introduced
the purpose of the privacy policy, stating that the policy
explained the manufacturers’ approach to privacy, protection,
and management of personal information. Similarly, 97%
(33/34) of privacy policies were noted to provide adequate
information for all potential users. In contrast, manufacturers
(26/34, 76%) frequently did not provide adequate information
about their organization and how or why they operated.

Table 1. Summary results of the privacy policy assessment results (N=34).
Privacy policy questions and responses

Value, n (%)

Is there a privacy policy?
No
Yes

0 (0)
34 (100)
a

Does the app or e-tool claim to meet the standards of the Privacy Act 1988 (Australia), HIPAA (United States), or another international
equivalent?
No

8 (24)

Yes

26 (76)

Did the manufacturer introduce the purpose of the privacy policy?
No

3 (9)

Yes

31 (91)

Does the privacy policy provide an introduction to the organization, including its vision and purpose?
No

26 (76)

Some information

3 (9)

Yes

5 (15)

Does the privacy policy provide adequate information (both targeted and general) relevant for all users, including consumers seeking care
and health professionals?

a

No

0 (0)

Some information

1 (3)

Yes

33 (97)

HIPAA: Health Insurance Portability and Accountability Act.

Readability of Privacy Policies
In relation to the Flesch reading ease, the privacy policies were
all found to fall into the top three of the seven available score
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categories, with 9% (3/34) rated as fairly difficult to read, an
additional 53% (18/34) rated as difficult to read, and the
remaining 38% (13/34) rated as very difficult to read. The
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Flesh-Kincaid grade-level test illustrated similar results with
only the top two levels represented out of eight possible levels.
All but three policies fell into the college graduate grade level
(31/34, 91%), with the remaining considered professional-level
reading difficulty (3/34, 9%).

Collection of PHI
Table 2 presents results from the PHI assessment. Most apps
and e-tools (32/34, 94%) collected some form of PHI, ranging
from simple demographic information to more sensitive
information such as information related to mental health. The
remaining 6% (2/34) of apps and e-tools were considered
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informational tools and collected data such as email addresses.
Of the 32 apps and e-tools that collected PHI, most (28/32, 87%)
shared this information in some manner (data sharing is
reviewed in greater detail below). This use was disclosed in
most privacy policies (27/32, 85%), explicitly stating that
reasonable steps were taken to ensure the security of the PHI;
however, for 6% (2/32) and 9% (3/32) of privacy policies how
PHI was shared was somewhat clear or not clear, respectively.
Although more than half of the privacy policies (17/32, 53%)
clearly stated how and when PHI was deleted, this information
was either somewhat clear or not clear in the remaining 3%
(1/32) or 44% (14/32) privacy policies, respectively.

Table 2. PHIa assessment results (N=34).
PHI questions and responses

Value, n (%)

Does the app or e-tool collect PHI (ie, demographic information, medical histories, test and laboratory results, mental health conditions, or
insurance information)?
No

2 (6)

Yes

32 (94)

Is PHI (ie, demographic information, medical histories, test and laboratory results, mental health conditions, or insurance information)
shared?
No

4 (13)

Yes

28 (87)

Is it clear if the organization has taken reasonable steps to ensure the security of PHI?
Not clear

3 (9)

Somewhat clear

2 (6)

Yes—clear

27 (85)

Is it clear how and when their organization will delete PHI?

a

No

14 (44)

Somewhat clear

1 (3)

Yes

17 (53)

PHI: personal health information.

Data Sharing and Use of Information
Results of the assessment questions related to data sharing, data
preferences, and data storage are presented in Table 3. Most
privacy policies (32/34, 94%) declared how data were used and
for what purposes, with approximately two-thirds (22/34, 65%)
stating that users were allowed to delete data. Notably, only 3%
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(1/34) of apps allowed data sharing preferences to be changed,
although this required the user to contact the manufacturer via
email; 9% (3/34) of apps and e-tools enabled users with some
permissions specific to data sharing, such as receiving push
notifications or allowing the user to choose whether to share
data such as location with the mobile app.
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Table 3. Data sharing and data use assessment results (N=34).
Data sharing and data use questions and responses

Value, n (%)

Does the privacy policy declare data use and purpose?
No

2 (6)

Yes

32 (94)

Is shared data deidentified? (ie, is data anonymous—is personal information masked or severed from the identity of the contributor)
No

11 (33)

Yes

23 (67)

Can the user change their preferences regarding data sharing (ie, switch it on or off)?
No

30 (88)

Yes

1 (3)

Some permissions

3 (9)

Can the user delete their data from the app or e-tool?
No

10 (29)

Yes

22 (65)

Informational webpage only

2 (6)

Is user data stored on the device?
No

27 (79)

Yes

4 (12)

Unspecified

3 (9)

Is user data stored on a server?
Yes

32 (94)

Unspecified

2 (6)

For how long is user data stored?
Unspecified or unclear

12 (35)

Until no longer needed

12 (35)

1 year or less

2 (6)

1-3 years

3 (9)

More than 3 years

3 (9)

At user discretion

2 (6)

What type of server is used to store user data? (eg, Amazon Web Services, within Australian borders)
Secure Australian server

6 (19)

Secure overseas server

11 (34)

Unspecified server

7 (22)

University server

2 (6)

Hospital or PHN

a

2 (6)

Unclear

4 (13)

In what country is the server located ?
Australia

13 (38)

United States

9 (26)

Canada

3 (9)

Europe

1 (3)

Multiple countries

2 (6)

Unclear or unspecified

6 (18)
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PHN: Primary Health Network.

Most apps and e-tools (32/34, 94%) stored data on a server,
with a small number (4/34, 12%) storing data on both the device
(ie, PHI) and a server (ie, email address and website activity).
In addition, 6% (2/34) of apps and e-tools did not specify where
the data were stored. Data storage duration ranged from up to
1 year (2/34, 6%), 1 to 3 years (3/34, 9%), and more than 3
years (3/34, 9%). Although more than one-third of the apps and
e-tools were unclear or did not specify for how long data were
stored (12/34, 35%), approximately one-third (12/34, 35%)
stored the data until no longer needed by the organization. The
remaining 6% (2/34) of privacy policies stated that the data
would be deleted at the user’s discretion.
Of the 32 apps and e-tools that stored data on a server, 11 (34%)
stored data on a secure overseas server, 6 (19%) stored data on
a secure Australian server, 7 (22%) stored data on an unnamed
or unspecified server. In addition, 6% (2/32) of apps and e-tools
stored data on a university server, 6% (2/32) stored data on a
hospital or primary health network server system, and 13%
(4/32) were unclear on the type of server used. The location of
data storage was mixed between Australia (13/34, 38%), the
United States (9/34, 26%), Canada (3/34, 9%), Europe (1/34,
3%), and multiple locations (2/34, 6%), with the remainder
unclear as to where data were stored (6/34, 18%).

Review of How Data Are Shared
Most apps and e-tools (27/34, 79%) shared data with relevant
third parties, including but not limited to partners, suppliers,

collaborators, advisers, and business associates. The types of
data shared varied from PHI to aggregated user data, such as
location. A small number of apps and e-tools (4/34, 12%) shared
information with irrelevant third parties, including social media
platforms such as Facebook. In addition, 38% (13/34) of apps
and e-tools shared data with a research partner or university,
15% (5/34) shared information with government departments,
and 38% (13/34) shared data with a health-related group or
person (eg, a support person or health professional).

Additional Information
All privacy policies were assessed for their inclusion of various
other details, which are summarized in Table 4. More than half
of the apps and e-tools (20/34, 59%) used third-party vendors,
such as Google Analytics, to evaluate and track consumer use
of websites, collect demographic data, and evaluate other
information related to the apps or e-tool website and the user’s
device. Less than one-quarter of privacy policies (8/34, 24%)
adequately explained how the manufacturer would respond to
a data breach, although most policies (31/34, 91%) provided
some details as to how to provide feedback or lodge a complaint
either with the manufacturer or through an expert third party
(ie, Office of the Australian Information Commissioner). Finally,
only 24% (8/34) of privacy policies explicitly warned
individuals about privacy risks involved in accessing services
that are outside the control of the service provider, such as
third-party advertisements, with an additional 9% (3/34) of
policies providing some detail in this regard.

Table 4. Overview of additional details provided by privacy policies (N=34).
Additional questions and responses

Value, n (%)

Does the app or e-tool use third-party vendors (eg, Google Analytics)?
No

11 (32)

Yes

20 (59)

Unspecified

3 (9)

Is the manner in which the organization will respond to a data breach adequately explained?
No

26 (76)

Yes

8 (24)

Does the privacy policy inform users how they can make inquiries and provide feedback and lodge complaints, including both contact details
for the relevant party within the organization and a third-party expert (eg, Office of the Australian Information Commissioner)?
No—does not provide either

3 (9)

Some—provides information for internal or third party only

16 (47)

Yes—provides both internal and third-party expert

15 (44)

Does the privacy policy explicitly warn users about privacy risks involved in accessing services offered that are outside the control of the
organization ?
No

23 (67)

Somewhat

3 (9)

Yes

8 (24)

Privacy Considerations for Health Services
As generated through the collaborative consultation process
described previously, Textbox 1 presents privacy guidelines to
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assist health professionals and service providers to ask the
appropriate questions—of themselves and to HIT
manufacturers—before confidently promoting the safe use of
HITs as part of mental health care.
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Textbox 1. Privacy guidelines—health professional and service provider considerations regarding the use of health information technologies (HITs)
for care.
Privacy guidelines
•

The HIT manufacturer has clearly introduced the purpose of its privacy policy.

•

The privacy policy includes an introduction to the HIT manufacturer and how and why their organization operates.

•

The privacy policy provides adequate information and addresses my concerns.
•

•

If no, I am aware who I need to contact to seek clarification...

The privacy policy is written clearly.
•

If no, I am aware who I need to contact to seek clarification...

•

The privacy policy adequately explains how the HIT manufacturer will collect and use personal data.

•

The privacy policy adequately explains how and when the HIT manufacturer will disclose personal data to third parties.
•

If the HIT manufacturer shares data with third parties, I am confident that the third-party partners are reputable and will comply with all
legislative requirements when collecting, storing, and sharing data.

•

If no, I am aware who I need to contact to seek clarification...

•

I am confident the HIT manufacturer has taken the appropriate steps to protect everyone’s data, adopting the strongest security measures.

•

I have been made aware of how end users can access and correct their personal information on the HIT.
•

If no, I am aware who I need to contact to seek clarification...

•

The privacy policy outlines how and when the HIT manufacturer will delete personal data.

•

The privacy policy outlines how the HIT manufacturer will respond to any data breaches.

•

The privacy policy includes information on how I can inquire, provide feedback, or make complaints.

•

There is the opportunity for me to contact a third-party expert to inquire about the privacy policy (such as the Office of the Australian Information
Commissioner).
•

•

If yes, they are...

From what I read, I feel comfortable using the proposed HIT as part of my clinical care and/or practice.

Discussion
Listening to Consumers
With their increased experience and exposure, consumers are
becoming more sophisticated users of HITs. They can offer
valuable insights into how privacy information should be
presented to ensure that it is clear, informative, and transparent.
Participants of our co-design workshops highlighted the need
for all HITs to have a privacy policy that provides relevant data
security information before collecting information from an
individual, preceding the account creation process. In addition,
participants stated that privacy policies should be accessible,
transparent, and user-friendly, ensuring that consumers
understand what personal and health data will be collected,
stored, and shared and, in turn, enabling them to trust the HIT
to protect their data. These findings align with those reported
by Schueller et al [31], which indicated that 70% of mental
health app users rate the inclusion of a privacy policy and data
encryption as important. Of note, when a mental health app was
deemed to be from a trusted source (no shared definition of
what constituted a trusted source), users assumed that the app
adequately protected their data [31], potentially leaving their
data vulnerable to unrecognized data sharing pathways.
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Privacy Policy Risk Assessment
As evidenced by our co-design results, consumers are calling
for greater clarity and transparency in the privacy policies of
HITs so that they can be confident that they understand how
their personal and health information may be used. Importantly,
all apps and e-tools included in this study had a privacy policy.
All but 1 of those policies provided explicit details explaining
the manufacturer’s approach to privacy and how personal
information is managed and protected. However, approximately
one-quarter of the privacy policies did not meet the standards
of the Australian Privacy Act 1988 or other international
equivalents, raising concerns regarding undisclosed data sharing
and poorly secured data storage. Even when the use of data
adheres to privacy standards, issues of transparency often arise.
For example, a recent review of the data sharing practices of
24 health-related apps found that data were shared with 55
unique entities, including app developers, their parent
companies, and third parties (ie, service providers).
Subsequently, third parties shared user data with an additional
216 integrated fourth parties (eg, Facebook sharing data with
data brokers to enable targeted advertising) [32].
In addition to poor overall transparency, our results also confirm
that privacy policies, when present, are fairly difficult to read
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and require a college or professional reading level, essentially
rendering them useless for a large portion of potential users (eg,
children and young people or individuals with cognitive
impairments or intellectual disabilities). This aligns with
previous research by Robillard et al [33], which highlighted
that the readability of privacy policies of mental health apps is
typically written at too high a level for the general population.
Strikingly, a longitudinal review of privacy policies found both
a decline in readability and a marked increase in length [34].
To improve the readability of privacy policies, it is suggested
that HIT manufacturers either compare different versions of
their policy to determine which one has the best readability
score or that the policy be rewritten until it meets a
predetermined grade level. Researchers have suggested that a
grade 9-10 reading level is likely to be appropriate for the
general population [35].
Most apps and e-tools included in this study collected some
form of PHI (32/34, 94%), including, in some cases, information
related to mental health, with 87% (28/34) of those apps and
e-tools then sharing these data in some manner. Although data
sharing was disclosed in most privacy policies (27/32, 84%),
how PHI was shared was not transparent in 15% (5/32) of the
policies. Most apps and e-tools shared data with relevant third
parties (27/34, 79%); however, 12% (4/34) also shared
information with third parties deemed to be irrelevant, such as
social media platforms (ie, Facebook). Of note, few apps and
e-tools (4/31, 13%) allowed users to update their permissions
concerning data sharing.
Although it is unlawful in Australia, for example, to share PHI
for purposes other than those stated in a privacy policy, the
complexities of the web-based environment frequently preclude
a full understanding of how data are shared and for what purpose
[36]. Users must recognize that shared data enters into a supply
chain, being passed from apps and e-tools to parent companies
and then on to third parties such as data trackers, aggregators,
and brokers [37]. Subsequently, data may be sold to researchers
and government agencies for advertising purposes. In addition
to driving targeted advertising campaigns, this aggregated data
may also be used to influence employment and financial and
insurance decisions, with potentially marked consequences at
the individual level [37], potentially leading to incarceration or
human rights abuses in some countries [11]. Given the risks
described above, explicit and transparent documentation of how
data are shared is critical to ensure that users are able to provide
informed consent. Furthermore, it is critical that governance
structures and regulatory standards are established globally to
ensure ethical practice in digital mental health care, including
the handling of PHI. As advised by the World Economic Forum,
regulations should not be designed exclusively by governments
but rather in collaboration with consumers with lived experience,
mental health professionals, technology manufacturers, and
policy makers, with the aim of facilitating efficient access to
effective and safe digital tools to address growing mental health
needs [11].
Most apps and e-tools in our sample stored data on a server
(32/34, 94%), with more than half (21/32, 66%) storing data on
an unnamed or unspecified server. Although other server types
included university servers (2/32, 6%) and a hospital or primary
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health network server system (2/32, 6%), the type of server used
to store data for an additional 22% (7/32) of apps and e-tools
was unclear. Once data are transmitted to a third-party server,
it is often difficult to determine the robustness of the privacy
and confidentiality standards in place to protect the PHI. For
example, Cultura Colectiva, a digital media company with
access to user information from Facebook, stored data on a
publicly accessible server, resulting in the exposure of 540
million individual records, including user IDs and names [38].
In addition, although it is ideal that all information being
transmitted is encrypted, personal and health information may
still be visible in server logs with few restrictions in terms of
access [39]. Notably, when different apps and e-tools use the
same server, it may be possible to link different PHIs together
to create digital profiles of users [40] with potentially negative
repercussions such as impacts on employment and insurance.
Despite the frequency of data breaches [41], 76% (26/34) of the
privacy policies reviewed in this study failed to document how
the organization would respond to data breaches, leaving the
user to wonder what steps might be taken to protect their data
from exposure and misuse (ie, identify theft).

Privacy Guidelines for Health Professionals and
Service Providers
Given the concerns regarding accessibility, transparency, and
readability outlined above, through a consultative process with
key stakeholders, our team developed privacy guidelines
(Textbox 1) to prompt health professionals and service providers
to ask informed questions when reviewing an HIT privacy policy
to ensure adequate data privacy and security measures are in
place. The guidelines aim to support health professionals and
service providers to confidently promote the safe use of HITs
as part of care and within the broader service. The privacy
guidelines have considered the privacy policy of HIT
manufacturers to emphasize the importance of building trust
between users and HIT manufacturers through transparency
[42]. Thus, it is the responsibility of the HIT manufacturer to
be aware of all (both current and emerging) regulatory
requirements and best practice principles [42] to ensure that the
privacy policy is communicated to all users. This not only
minimizes potential harm but also allows users to be well
informed and to have more control when consenting to use
HITs.
As few consumers will review academic literature before
accessing HITs, they are more likely to learn about available
apps and e-tools via the internet, app stores, social media, word
of mouth, or health professionals. In relation to the latter, it is
recommended that health professionals and service providers
conduct their own risk assessment before implementing HITs
into their service to ensure appropriate risk strategies are in
place [3]. Not only should providers have an understanding of
privacy risks but it is also important that they work with
consumers to ensure they are aware of the potential for privacy
breaches to ensure they are providing informed consent before
engaging with an HIT [37].

Limitations
This study has some limitations that are important to note.
Although we engaged in a thorough collaborative consultation
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process to develop the broad structure and content of the privacy
guidelines for Project Synergy, the development of the privacy
policy risk assessment tool and the guidelines for health
professionals and service providers was conducted by the
research team, independent of this broader stakeholder group.
Therefore, we acknowledge that both the assessment tool and
the guidelines may benefit from further input or revision by
individuals with expertise in data privacy and security, both
from a legal perspective and regarding manufacturers of digital
tools. As highlighted by the co-design work presented in phase
1, our group recognizes the importance of including the voice
of those with lived experience in our work to reform mental
health services and systems of care, including the ethical
development and application of digital tools. With that being
said, we acknowledge that the privacy policy risk assessment
tool and guidelines were developed without contributions from
consumers with lived experience of mental ill health.

Conclusions
Given the increasing uptake of HITs, both by individuals for
the purposes of self-management and by health professionals
as a means to complement clinical services, it is essential that

LaMonica et al
all users have a clear understanding of what personal and health
information will be collected, how these data will be shared and
stored, and what privacy and security measures are in place to
ensure it is protected. Our findings highlight the ubiquitous poor
readability and lack of transparency in existing privacy policies,
a stark contrast to what consumers emphasized as essential
factors in the presentation of privacy information. Although
consumers, health professionals, and services are becoming
increasingly reliant on HITs to deliver, support, or enhance care,
concerns regarding the privacy of health and personal
information are likely to undermine user confidence and
willingness to engage with HITs. Therefore, we provide
suggested guidelines that can be easily adopted by health
professionals and service providers when considering the
implementation of HITs, including apps and e-tools, into their
service. We recommend that these guidelines be adopted to
ensure that HITs are used to their full potential to maximize
patient health outcomes while minimizing risk and that users
are informed of privacy and security considerations to make
educated decisions as to whether they would like to share their
personal and health information.
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Abstract
Background: The use of the internet and web-based platforms to obtain public health information and manage health-related
issues has become widespread in this digital age. The practice is so pervasive that the first reaction to obtaining health information
is to “Google it.” As SARS-CoV-2 broke out in Wuhan, China, in December 2019 and quickly spread worldwide, people flocked
to the internet to learn about the novel coronavirus and the disease, COVID-19. Lagging responses by governments and public
health agencies to prioritize the dissemination of information about the coronavirus outbreak through the internet and the World
Wide Web and to build trust gave room for others to quickly populate social media, online blogs, news outlets, and websites with
misinformation and conspiracy theories about the COVID-19 pandemic, resulting in people’s deviant behaviors toward public
health safety measures.
Objective: The goals of this study were to determine what people learned about the COVID-19 pandemic through web searches,
examine any association between what people learned about COVID-19 and behavior toward public health guidelines, and analyze
the impact of misinformation and conspiracy theories about the COVID-19 pandemic on people’s behavior toward public health
measures.
Methods: This infodemiology study used Google Trends’ worldwide search index, covering the first 6 months after the
SARS-CoV-2 outbreak (January 1 to June 30, 2020) when the public scrambled for information about the pandemic. Data analysis
employed statistical trends, correlation and regression, principal component analysis (PCA), and predictive models.
Results: The PCA identified two latent variables comprising past coronavirus epidemics (pastCoVepidemics: keywords that
address previous epidemics) and the ongoing COVID-19 pandemic (presCoVpandemic: keywords that explain the ongoing
pandemic). Both principal components were used significantly to learn about SARS-CoV-2 and COVID-19 and explained 88.78%
of the variability. Three principal components fuelled misinformation about COVID-19: misinformation (keywords “biological
weapon,” “virus hoax,” “common cold,” “COVID-19 hoax,” and “China virus”), conspiracy theory 1 (ConspTheory1; keyword
“5G” or “@5G”), and conspiracy theory 2 (ConspTheory2; keyword “ingest bleach”). These principal components explained
84.85% of the variability. The principal components represent two measurements of public health safety guidelines—public
health measures 1 (PubHealthMes1; keywords “social distancing,” “wash hands,” “isolation,” and “quarantine”) and public health
measures 2 (PubHealthMes2; keyword “wear mask”)—which explained 84.7% of the variability. Based on the PCA results and
https://www.jmir.org/2021/9/e28975
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the log-linear and predictive models, ConspTheory1 (keyword “@5G”) was identified as a predictor of people’s behavior toward
public health measures (PubHealthMes2). Although correlations of misinformation (keywords “COVID-19,” “hoax,” “virus
hoax,” “common cold,” and more) and ConspTheory2 (keyword “ingest bleach”) with PubHealthMes1 (keywords “social
distancing,” “hand wash,” “isolation,” and more) were r=0.83 and r=–0.11, respectively, neither was statistically significant
(P=.27 and P=.13, respectively).
Conclusions: Several studies focused on the impacts of social media and related platforms on the spreading of misinformation
and conspiracy theories. This study provides the first empirical evidence to the mainly anecdotal discourse on the use of web
searches to learn about SARS-CoV-2 and COVID-19.
(J Med Internet Res 2021;23(9):e28975) doi:10.2196/28975
KEYWORDS
internet; novel coronavirus; SARS-CoV-2; COVID-19; infodemiology; misinformation; conspiracy theories; public health

Introduction
Overview
A novel coronavirus initially named 2019-nCoV emerged in
Wuhan, China, and was formally reported to the World Health
Organization (WHO) on December 31, 2019 [1-3]. Further
scientific evidence soon unveiled the semblance of the
2019-nCoV’s genome sequence to a previous epidemic, the
severe acute respiratory syndrome (SARS), a disease epidemic
caused by SARS-CoV, which broke out in Foshan, China, in
2002 [4,5]. Some initial studies also identified similar features
that were related to the Middle East respiratory syndrome
(MERS) epidemic caused by MERS-CoV as the causative agent
[6].
The outbreak was originally named 2019-nCoV on January 13,
2020, the same day that the first imported case outside China
occurred in the Philippines and other countries [7]. The spread
of 2019-nCoV continued across many countries, causing the
WHO to declare the outbreak a pandemic [6]. The 2019-nCoV
was later renamed SARS-CoV-2 and identified as the causative
agent of COVID-19 in February 2020 [8,9]. The highly
contagious COVID-19 spread rapidly globally and caught the
world unprepared. With no adequately planned health
communication strategies, panic ensued, while confirmed cases
of infections and deaths from COVID-19 increased rapidly
worldwide [3]. The public rushed to internet platforms to learn
about the outbreak through Google searches, online news outlets,
and social media platforms [10-15].
In March 2020, the WHO launched a free online introductory
training course in different languages, including English, French,
Spanish, and Chinese, to make the public aware of the
contagious COVID-19 [6]. However, it is unclear how many
people knew about or used the free training lessons about
COVID-19 that the WHO had made available via its website
[6]. Instead, several studies suggest that the public flocked to
the internet to learn about SARS-CoV-2 and COVID-19 through
web searches, online news outlets, and social media [16,17].
Analyzing how people search and navigate the World Wide
Web and other internet platforms for health-related information
can provide valuable insights into the health-related behavior
of populations [18-20]. The public’s preference for online health
information closely matches the field of infodemiology, a term
that is a portmanteau of information and epidemiology.
https://www.jmir.org/2021/9/e28975
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According to Eysenbach [18], the term is defined as the science
of distribution and determinants of information in an electronic
medium—specifically the internet—or in a population, with the
aim to inform public health and public policy. Considering the
global spread of COVID-19, using the internet to learn or gain
information about the pandemic in this digital age is not
surprising, as internet use has become pervasive worldwide
[21,22]. Several studies have examined social media’s influence
on what people learned and the appropriate behaviors toward
misinformation and conspiracy theories [14,15]. Similarly,
Sulyok et al [12] examined the impact of web searches on the
confirmed cases of COVID-19 in Europe, while Neely et al [23]
investigated information-seeking behaviors on social media
regarding the pandemic.
Miller [14,15] identified political leaders’ failure in sensitizing
the public as a motivating factor that pushed people to the
internet as an alternative information source to learn about the
COVID-19 pandemic. Misinformation had started flooding the
web right from the initial stage of the emergence of the novel
coronavirus, mainly from user-created content on social media
[24]. Thus, as people turned to the web to search for information,
there was limited nontechnical information for the nonexpert
public about the coronavirus. Rather, people either got exposed
to learning incorrect information about SARS-CoV-2 and
COVID-19 or embraced fake news, misinformation, and
conspiracy theories, with grave consequences [16]. Some of the
unfounded misinformation included misconstruing COVID-19
as a “common cold” or as a hoax, which made people have a
false sense of immunity, while others ignored any public health
safety measures [11]. Similarly, the conspiracy theories
propagated online included that COVID-19 was a bioweapon,
that China intentionally released the virus to reduce the world
population, and that 5G technology contributed to the fast spread
of the pandemic. These beliefs initially led to the hoarding of
essential goods as well as racial attacks against Chinese and
other Asian people [14,15,25,26].
Other studies examined the role of social media and internet
news outlets in generating misinformation, disinformation, fake
news, and conspiracy theories about COVID-19 [25,27-29].
These studies tend to leave out the aspect of web searching,
such as the use of Google searches, which constitutes a major
channel through which the public obtain health-related
information [30,31].

J Med Internet Res 2021 | vol. 23 | iss. 9 | e28975 | p.1055
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Research Objectives
This paper undertakes the first empirical investigation using a
web search to learn about SARS-CoV-2 and COVID-19 and
people’s attitudes toward public health guidelines as expressed
in the following research objectives:
1.
2.
3.

Determine what people learned about the COVID-19
pandemic through web searching.
Examine any association between what people learned about
COVID-19 and behavior toward public health guidelines.
Analyze the impact of misinformation and conspiracy
theories about the COVID-19 pandemic on people’s
behavior toward public health measures.

These objectives are developed into research hypotheses in the
sections that follow.

Akpan et al
and constructivism. The core of the Siemens and Downes
connectivism idea aims to move away from the traditional
classroom learning techniques to a new theory of learning that
embraces technology as the learning tool, which can inspire the
new generation of learners and educators [32,33]. Thus, the
theory draws its strength from web-based activities [29].
The key benefit of the method is its intuitiveness and its ability
to captivate learners due to the ubiquitous use of the internet in
today’s world. The following principles contribute to the
popularity of connectivism as a learning theory [33]:
1.
2.

Theoretical Background

3.
4.

The Connectivism Learning Theory

5.

This section examines the connectivism learning theory, which
explains the use of digital platforms to enable learning [32,33].
This study employs this approach to explore how people learned
about SARS-CoV-2 and COVID-19 through web searching and
the potential behavioral implications toward public health
guidelines, which scientists and medical experts recommend as
ways to check the spread of COVID-19. For example, the study
investigates if learning through web searching helped people
acquire accurate knowledge or misinformation and conspiracy
theories about the COVID-19 pandemic and its implications.
Also, recent studies show that many people have yet to
understand the science and the concept of SARS-CoV-2 and
the disease, COVID-19, which increases the danger of
embracing misinformation [14,28]. Several web platforms,
including social media, online news, and other internet channels,
contribute significantly to misinformation and conspiracy
theories [14,34].
According to Dunaway [33], the connectivism theory developed
by George Siemens analyzes the use of digital devices, computer
networks, and electronic platforms to learn. The view is
considered a pedagogical strategy for the digital age,
emphasizing knowledge sharing across an interconnected web
and internet network [32,33]. The approach focuses on
knowledge acquisition using information technology platforms
and learning from multiple sources, developing skills, and
disseminating information [32]. The platforms incorporate
information on social media, internet websites or blogs, and
search engines that users can employ to learn and exchange
knowledge, skills, and expertise [28,33].

Implications of the Connectivism Learning Theory
One of the implications of the connectivism learning theory is
that learning can occur outside the traditional classroom by
using networked systems that enhance connections, interactions,
and collaborations among learners [29]. However, some learning
theory experts criticize the connectivism theory for not offering
any improvement to the actual learning method other than using
Web 2.0 and related platforms [32,33]. Hence, it cannot be
deemed a substantive learning theory. Instead, it provides a
bridge to other pedagogical methods: behaviorism, cognitivism,
https://www.jmir.org/2021/9/e28975
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6.
7.
8.

Learning and knowledge rest in diversity of opinions, as
experienced today.
Learning is a process of connecting specialized nodes or
information sources.
Learning may reside in nonhuman appliances.
The capacity to know more is more critical than what is
currently known.
Nurturing and maintaining connections help to facilitate
continual learning.
Ability to see connections between fields, ideas, and
concepts is a core skill.
Currency (accurate, up-to-date knowledge) is the intent of
all connectivism learning activities.
Decision making is itself a learning process. Choosing what
to learn and the meaning of incoming information is seen
through a shifting reality.

The connectivism learning theory, as explained above, closely
mirrors the use of Google Trends and other internet platforms
to learn about the outbreak of SARS-CoV-2 and COVID-19,
especially where the masses did not get adequate, timely
information about the coronavirus from the public agencies
[35,36].
The connectivism learning theory is well suited to personal
study and self-regulated learning [37,38]; in this case, how
individual members of the public learned about SARS-CoV-2
and COVID-19 using web searches in the first 6 months of the
COVID-19 pandemic.

An Overview of the SARS-CoV-2 Outbreak and the
COVID-19 Pandemic
The Global Impacts of the SARS-CoV-2 Outbreak
The COVID-19 pandemic has caused severe problems ranging
from health crises to psychological, social, business, and
economic consequences all over the world [16,18,39].
Meanwhile, there is currently no specific cure for COVID-19.
However, there has been significant progress in technological
advances leading to substantial breakthroughs in vaccine
discovery and development through the pioneering efforts of
Pfizer, Moderna, and other companies from the United
Kingdom, India, China, and other countries [40]. Administering
the COVID-19 vaccines is ongoing worldwide, while several
other vaccine discoveries and developments are in progress
[41]. In the meantime, ongoing prevention, monitoring, and
public health awareness are essential to mitigate the public
health and economic burdens. The most important prevention
strategy is to understand the disease and how it spreads.
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Transmission
Coronavirus transmission primarily occurs through respiratory
droplets released from infected persons during coughing,
sneezing, or speech. One can also become infected with the
virus via contact with contaminated surfaces. The virus can
remain infectious in the air for 3 hours and on inanimate surfaces
for up to 9 days or longer. This has implications for nosocomial
spread and superspreading events [42]. The virus has also been
isolated from blood, urine, and stool specimens. It is important
to note that asymptomatic infected people may not be aware
that they are infected because they do not have the symptoms
or may not recognize the symptoms. Infected individuals can
be contagious for up to 4 weeks and can unknowingly be
spreading the infection during this time [42].

Clinical Presentation and Diagnosis
Symptoms usually appear 2 to 14 days after exposure. Most
confirmed cases of SARS-CoV-2 infection are asymptomatic,
and they recover without treatment. Common symptoms include
fever, cough, shortness of breath, chills, myalgia, headache,
sore throat, anosmia, and dysgeusia. Severe cases present with
dyspnea, tachypnea, hypoxia (blood oxygen saturation ≤93%),
a ratio of the arterial partial pressure of oxygen to the fraction
of inspired oxygen of less than 300 mm Hg, and lung infiltration
[43]. Some patients present with gastrointestinal symptoms,
such as vomiting, diarrhea, and abdominal pain, as well as
cardiovascular features, such as arrhythmia, shock, and acute
cardiac injury [44]. There have been reports of asymptomatic
carriers presenting with symptoms such as loss of smell and
taste. In children, the majority present with mild (ie, fever,
cough, fatigue, and congestion) or moderate (ie, pneumonia)
symptoms [44]. Some may be asymptomatic. Children under 5
years old may present with respiratory organ failure.
Chest computed tomography scans shows a distinct appearance
of ground-glass lung opacity, often bilateral, in patients who
develop pneumonia [43]. Other radiographic features, such as
“crazy-paving sign, multifocal organizing pneumonia, and
architectural distortion in a peripheral distribution,” may appear
with disease progression. Diagnostic testing is performed from
respiratory (ie, nose, throat, and saliva) and serum samples,
using a real-time reverse transcription–polymerase chain
reaction panel or antibody test. Viral RNA has also been
detected in stool and blood [5].

Complications
Some hospitalized patients develop thromboembolism,
especially deep venous thrombosis, and pulmonary embolism.
Other complications include microvascular thrombosis of the
toes, clotting of catheters, myocardial injury with ST-segment
elevation, and large vessel strokes. This complication may be
associated with the release of high levels of inflammatory
cytokines and activation of the coagulation pathway caused by
hypoxia and systemic inflammation secondary to COVID-19
[45].

Prevention and Control
People must be well-informed. Infected persons must practice
respiratory etiquette to avoid infecting others, including covering
coughs and sneezes with a tissue and discarding it properly,
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coughing into the inside of the elbow, and covering the nose
and mouth properly with a surgical face mask. Best practices
include proper handwashing with soap and water for at least 20
seconds or at least 60% alcohol–based hand rub. Touched
surfaces must be cleaned frequently with disinfectants. People
must avoid touching the eyes, nose, and mouth with unwashed
hands and they must avoid close contact with people who are
ill [46]. The US Centers for Disease Control and Prevention
(CDC) recommends that infected and exposed individuals must
isolate or quarantine themselves, respectively, for at least 14
days. The CDC also recommends social distancing, including
avoiding mass gatherings or large community events, shaking
hands, or giving “high fives” [41]. In health care settings,
standard contact and airborne precautions, as well as eye
protection, should be used to mitigate the spread of
SARS-CoV-2 [46]. There is no specific cure for COVID-19.
Management is mainly supportive care and treatment of
secondary infections. Severely ill patients may need advanced
organ support.

Methods
Google Trends and Search Keywords About
SARS-CoV-2 and COVID-19
This study used an infodemiology approach to evaluate the use
of web searching to learn about SARS-CoV-2 and COVID-19.
As an area of scientific research, infodemiology is a method or
technique designed to measure and track health information
“demand” automatically (eg, by analyzing search queries) as
well as “supply” on the internet [18,20,47]. The goal is to inform
public health policy and practice. This study uses data from
Google Trends, a freely available online resource that provides
information on what was and is trending based on actual users’
Google queries [11,48,49].
Google Trends offers various search options, such as “Trending
Searches” (ie, trending queries for daily search trends and
real-time searches in a selected region) or “Year in Search” (ie,
what was trending in a specific area in a particular year).
Another option is to “Explore,” which allows an investigation
of an area of interest based on keywords over the selected
periods and regions. This study uses the “Explore” option, which
allowed data to be retrieved directly from the Google Trends
“Explore” page in comma-separated values format. It is also
important to note that Google Trends data points are normalized
to have a maximum value of 100 and a minimum value of 0.
We normalized the data set by dividing each data point by total
searches of the geography and the time range it represents to
compare relative popularity. Note that the value 0 does not
necessarily indicate no searches but represents a significantly
low search volume that does not warrant inclusion in the results
[47].
In this study, we captured the worldwide Google Trends data
covering the initial months of the SARS-CoV-2 outbreak from
January 1 to June 30, 2020 (ie, 182 daily data points for each
search term). Regarding the search terms, this paper employed
25 keywords and phrases used by the public to learn about the
COVID-19 pandemic through web searches. We identified the
search keywords (Table 1) through a literature survey of
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published documents indexed on the Web of Science. Six search
terms were related directly to the ongoing pandemic: “nCoV,”
“2019-nCoV,” “SARS-CoV-2,” “COVID-19,” “pandemic,”
and “coronavirus.” Another six keywords addressed previous
viral or coronavirus epidemics: “SARS-CoV,” “SARS,”
“MERS-CoV,” “MERS,” “virus,” and “influenza.” The third
category of search terms represented public health safety
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measures that experts recommended as guidelines to limit the
spread of COVID-19: “social distancing,” “wear a facial mask,”
and “wash hands.” The final category of keywords represented
misinformation and conspiracy theories, such as “China virus,”
“common
cold,”
and
“bioweapon”
(Table
1
[2,3,6,7,9,11,14,15,25-27,42,46,50-60]).

Table 1. Web search terms used to learn about SARS-CoV-2 and the COVID-19 pandemic, misinformation and conspiracy theories, and public health
safety guidelines, based on a literature review.
Category

Search terms

COVID-19 and related epidemics

“2019-nCoV” [3], “nCoV” [3,9], “SARS-CoV-2” [42], “COVID-19” [9,25,50], “pandemic” [6,7],
“MERS-CoV” [51,52,60], “MERSa” [51,53], “SARS-CoV” [42,52], “SARSb” [52,53], “virus” [54],
“coronavirus” [2,53,55], “influenza” [46], and “flu” [59]

a

Misinformation and conspiracy theories

“virus hoax” [14,15], “injecting or ingesting bleach” [56], “5G” or “@5G” technology enhancing the
spread of the virus [25,27], “COVID-19 hoax” [14,15,26], “common cold” (“commoncold2020”) [11],
“China virus” [50], and “bioweapons” created by China [14,25,60]

Public health measures

“social distancing” [57], “wash hands” or “hands wash” [57], “wear a facial mask” [58], “isolation”
[57], and “quarantine” [57]

MERS: Middle East respiratory syndrome.

b

SARS: severe acute respiratory syndrome.

Research Hypotheses

measures. We defined the null and alternative hypotheses for
learning about misinformation as follows:

Hypothesis 1

•

For the purpose of determining what people learned about the
COVID-19 pandemic through web searching, we defined the
null and alternative hypotheses as follows:

•

•
•

Hypothesis 10: People did not learn about COVID-19
through web searching using the identified keywords.
Hypothesis 11: People learned about COVID-19 through
web searching using the identified keywords.

Hypothesis 2
Based on the literature, using a web search to learn about a
subject of interest can influence the learner’s decision making
and actions [61]. On this premise, this study examined any
association between what people learned about COVID-19 and
people’s behavior toward the public health guidelines. We
developed two separate hypotheses (Hypotheses 2 and 3). The
first aspect related to web searching to learn about COVID-19
(ie, concept, science, and structure of SARS-CoV-2 and
COVID-19), while the second aspect evaluated learning about
misinformation and conspiracy theories as well as the behavioral
response to the public health measures. The null and alternative
hypotheses regarding the first aspect are as follows:
•

•

Hypothesis 20: There is no association between what people
learned about COVID-19 through web searching and
behavior toward public health measures.
Hypothesis 21: There is an association between what people
learned about COVID-19 through web searching and
behavior toward public health measures.

Hypothesis 3
There is a widely held assertion that misinformation and
conspiracy theories about the COVID-19 pandemic have had a
significant impact on people’s behavior toward public health
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Hypothesis 3A0: There is no association
misinformation learned about COVID-19 and
behavior toward public health measures.
Hypothesis 3A1: There is an association
misinformation learned about COVID-19 and
behavior toward public health measures.

between
people’s
between
people’s

Similarly, we defined the null and alternative hypotheses for
learning about conspiracy theories as follows:
•

•

Hypothesis 3B0: There is no association between conspiracy
theories learned about COVID-19 and people’s behavior
toward public health measures.
Hypothesis 3B0: There is an association between conspiracy
theories learned about COVID-19 and people’s behavior
toward public health measures.

Data Analysis
Data analysis employed statistical trends and graphical
visualization, correlation and regression, principal component
analysis (PCA), and predictive models [12,56,62-64]. The
statistical trends and analyses involved evaluating relationships
among the listed variables using the statistical trends, including
graphical display, correlation, and PCA, which helped determine
the predictiveness of the learning attributes and learners’ actions
toward public health guidelines. We used the JMP 15 package
from SAS software (SAS Institute Inc) [65] for statistical
analysis and Microsoft Excel 2019 to create the charts and
graphs. We also used SPSS software (version 27; IBM Corp)
to compute the correlation matrix and the PCA as well as
statistical packages in R (version 4.0.5; The R Foundation) for
the linear modeling. The evaluation helped establish the
correlation between the study attributes.
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Results
Overview
The data analyzed in this study came from the Google Trends
worldwide index covering the period from the initial outbreak
of COVID-19 on January 1, 2020, up to June 30, 2020, when
the pandemic became widely known [2]. The outbreak had been
reported to the WHO’s office in China on December 31, 2019
[6]. The reason for focusing on the first 6 months of the
pandemic was to capture what people learned during the early
days of the outbreak as well as the possible impacts of what
people learned through web searching on individuals’ attitudes
toward public health safety measures.
To better understand the characteristics of Google Trends data,
we have presented the summary statistics of the daily search
index for each of the 25 keywords or search terms and phrases
(Table S1 in Multimedia Appendix 1). The average normalized
scores for the terms varied from 2.65 (“ingesting bleach”) to
39.75 (“SARS-CoV-2”), as shown in Table S1 in Multimedia
Appendix 1.

Temporal Trends: Using Web Searches to Learn About
SARS-CoV-2

Akpan et al
presented in Table 1, some of the search keywords addressed
the novel coronavirus directly, while others examined
misinformation and conspiracy theories.
Figure 1 presents the first category of web search terms that
people used to learn about the COVID-19 pandemic. In the early
period, most people used keywords and phrases that explain
previous coronavirus epidemics, including “influenza,”
“MERS,” “MERS-CoV,” “SARS,” and “virus.” Although
scientists ruled out the past epidemics, the WHO officials
highlighted those terms as examples of past coronavirus
outbreaks during press briefings [6]. The use of those keywords
in the web searches nosedived after the WHO formally named
the novel coronavirus and the disease (ie, “nCoV,”
“2019-nCoV,” “SARS-CoV-2,” and “COVID-19”). The
coefficients of determination (R2) of the keywords are 0.37 for
“SARS-CoV-2,” 0.36 for “COVID-19,” 0.27 for “influenza,”
0.24 for “2019-nCoV,” 0.18 for “nCoV,” 0.12 for “SARS,” and
0.11 for “SARS-CoV,” indicating the proportion of the variation
in the search index over the period for the listed keywords.
Similarly, the search terms “MERS,” “MERS-CoV,”
“pandemic,” “virus,” “coronavirus,” “nCoV,” and “2019-nCoV”
had R2 values of less than 0.1.

The keywords employed to conduct web searches indicate what
people learned about the COVID-19 pandemic [66]. As
Figure 1. The keywords used by people to learn about SARS-CoV-2 and COVID-19 through web searches. MERS: Middle East respiratory syndrome;
SARS: severe acute respiratory syndrome.

The second category of keywords involved misinformation and
conspiracy theories (Figure 2). The variation in the use of the
terms was measured using coefficients of determination (R2),
which were 0.15 for “China virus,” 0.10 for “common cold,”
and 0.09 for “5G” or “@5G.” Most searches in the initial months
of the outbreak used the keywords “common cold” (“cold2020”),
“biological weapon,” and “China virus,” thus encouraging the
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misconception about SARS-CoV-2 as a “common cold,” a
“biological weapon,” or a “China virus” [50]. Some studies
explain that the purpose of releasing the coronavirus was to
reduce the world population [14,25]. However, web searches
using these terms fell continuously over time to a near-zero
search index, while new words (“5G” and “COVID-19 hoax”)
surfaced and increased significantly (Figure 2).
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Figure 2. Worldwide search index showing the learning terms that represent misinformation and conspiracy theories about COVID-19.

The third segment of the trend analysis involved web searches
to learn about public health measures (Figure 3). The results
show that there was little or no interest in learning about wearing
a facial mask (“wear mask”) and maintaining social distancing
(“social distancing”) at the start of the pandemic. But the trends
changed quite quickly, recording a dramatic increase from a
search index of 0 at the beginning of the outbreak to achieving

a maximum search index of 100 in March and April 2020, as
the pandemic spread worldwide. The coefficients of
determination were as follows: “wear mask” (R2=0.56), “social
distancing” (R2=0.13), and “quarantine” (R2=0.09). The
increases, especially regarding “wear mask” and “social
distancing,” were sustained for a long time.

Figure 3. Trend analysis showing the web search index for learning about public health safety measures.
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What Did People Learn About COVID-19 Through
Web Searches?
The keywords identified above approximate what people learned
about SARS-CoV-2 and COVID-19 through web searches.
However, some of the search keywords existed before the
ongoing pandemic, while some terms referred to previous
coronavirus epidemics (eg, “SARS,” “SARS-CoV,” “MERS,”
“MERS-CoV,” “influenza,” “virus,” “pandemic,” and

Akpan et al
“coronavirus”). It is plausible to argue that the search index for
the pre-existing keywords listed represent purposes other than
learning about COVID-19. Based on this assumption, we
conducted a dependent two-sample t test to examine the
difference in the mean search index of the pre-existing keywords
in the previous years before the COVID-19 outbreak and during
the ongoing pandemic. Figure 4 compares the mean search index
before and after the outbreak for each keyword.

Figure 4. The average search index for pre-existing keywords before and during the COVID-19 pandemic. MERS: Middle East respiratory syndrome;
SARS: severe acute respiratory syndrome.

The null hypothesis was that the search indexes of each learning
term—“SARS,” “SARS-CoV,” “MERS,” “MERS-CoV,”
“influenza,” “virus,” “pandemic,” and “coronavirus”—before
and after the outbreak of COVID-19 would be equal, and the
alternative hypothesis was that they would be unequal. The
results, as seen in Figure 4, show that the differences in the
mean search indexes before and during the ongoing pandemic
were more than 60% in all cases. Also, the P values were close
to zero for all the variables. We rejected the null hypothesis and
concluded that the significant differences in the mean search
indexes of the variables were due to the ongoing COVID-19
pandemic. Unexpectedly, the mean search index for some
pre-existing keywords (eg, “flu,” “influenza,” “SARS,”
“pandemic,” and “virus”) declined during the pandemic.

https://www.jmir.org/2021/9/e28975

XSL• FO
RenderX

What Search Terms Contributed to Learning About
SARS-CoV-2 and COVID-19?
PCA was employed to evaluate the underlying latent variable
of the search terms that contributed to learning about
COVID-19. Based on the scree plot and the elbow rule, we can
limit the factors extracted to the first two principal components
(Figure 5): the keywords that address previous epidemics
(pastCoVepidemics) and the keywords that explain the ongoing
pandemic (presCoVpandemic). A scree plot is a graphical
representation of the percentage variability explained by each
principal component.
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Figure 5. Scree plot of COVID-19 learning terms; two principal components extracted 88.78% of the total variation.

The first two underlying components explained a total of 88.78%
of the variation in learning terms, with the first
(pastCoVepidemics) and second (presCoVpandemic)

components determining about 65.2% and 23.58%, respectively,
of the information about COVID-19 from the 12 search
keywords (Table 2).

Table 2. Total explained variance for search keywords used to learn about COVID-19.

a

Measure

PCa 1

PC 2

PC 3

PC 4

PC 5

PC 6

PC 7

PC 8

PC 9

PC 10

PC 11

PC 12

Total initial eigenvalue

7.82

2.83

0.46

0.32

0.19

0.12

0.11

0.06

0.04

0.03

0.02

0.01

Variance, %

65.20

23.58

3.86

2.65

1.57

0.98

0.88

0.49

0.29

0.21

0.19

0.09

Cumulative variance, %

65.20

88.78

92.64

95.30

96.87

97.84

98.72

99.21

99.51

99.72

99.91

100

PC: principal component.

Linear combinations of the two components (pastCoVepidemics
and presCoVpandemic) are as follows:

•

•

Table 3 shows the weights (loadings) of the terms for the two
components. Note that we record loadings greater than 0.6 to
combine only search keywords that have a high correlation with
the component in the linear combinations.

PastCoVepidemics = 0.98 “virus” + 0.934 “coronavirus”
+ 0.929 “MERS” + 0.923 “flu” + 0.858 “MERS-CoV” +
0.858 “SARS” + 0.791 “SARS-CoV” + 0.799 “pandemic”
+ 0.814 “influenza”

PresCoVpandemic = –765 “nCoV” + 0.784 “COVID-19”
+ 0.766 “SARS-CoV-2.”

Table 3. Component matrix and weight loadings for search keywords used to learn about COVID-19.
Componenta Weight loading for each keyword
Virus
2020

Coronavirus
2020

MERSb Flu
2020
2020

MERSCoV
2020

SARSc Influenza
2020
2020

Pandemic SARS2020
CoV
2020

COVID- SARS19
CoV-2

2019-nCoV

1

0.98

0.934

0.929

0.858

0.858

0.799

0.791

0.562

0.601

0.45

2

–0.059

0.278

–0.305 –0.278 –0.121

0.315

0.505

0.784

0.766

–0.765

0.923

0.814

–0.443 –0.477

a

Component 1 is pastCoVepidemics (keywords that address previous epidemics) and component 2 is presCoVpandemic (keywords that explain the
ongoing pandemic).
b

MERS: Middle East respiratory syndrome.

c

SARS: severe acute respiratory syndrome.
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What Terms Fueled Misinformation and Conspiracy
Theories About COVID-19?
We identified eight search keywords from the literature that
denote misinformation and conspiracy theories (Table 1). We
also performed a PCA to evaluate the search terms that fueled
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misinformation and conspiracy theories. The results, as seen in
Table 4 and Figure 6, identified three principal components and
their variabilities based on the elbow rule: principal component
1 (48.17%), principal component 2 (22.65%), and principal
component 3 (14.03%).

Table 4. Total variance explained involving terms that fueled misinformation and conspiracy theories.

a

Measure

PCa 1

PC 2

PC 3

PC 4

PC 5

PC 6

PC 7

Total initial eigenvalue

3.372

1.586

0.982

0.496

0.257

0.176

0.132

Variance, %

48.171

22.652

14.026

7.085

3.669

2.509

1.888

Cumulative variance, %

48.171

70.823

84.849

91.934

95.603

98.112

100

PC: principal component.

Figure 6. Scree plot of misinformation and conspiracy theory terms.

The three components explained 84.85% of the variation in the
search keywords under misinformation and conspiracy theories.
The first component represented misinformation. We quantified
the daily number of misinformation terms searched using the
linear combination as follows:
•

Misinformation = 0.789 “common cold” + 0.928
“bioweapon” + 0.908 “virus hoax” + 0.875 “cold 2020” +
0.692 “COVID-19 hoax” + 0.60 “China virus.”
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The second and third components addressed two conspiracy
theories (ConspTheory1 and ConspTheory2), which speculated
that 5G technology contributes to the spreading of COVID-19,
that COVID-19 is a “China virus” that was intentionally created
and released, and that ingesting or injecting bleach can cure
COVID-19 infection or kill the virus. The results present these
variables in the separate components (Table 5) as follows:
•
•

ConspTheory1 = 0.786 “@5G”
ConspTheory2 = 0.97 “ingest bleach.”
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Table 5. Component matrix and weight loading for terms that fueled misinformation and conspiracy theories.
Componenta

Weight loading for each keyword
Bioweapon 2020

Virus hoax

Common cold 2020

COVID-19 hoax

China virus

@5G

Ingest bleach

1

0.928

0.908

0.789

0.692

0.601

0.471

–0.045

2

–0.152

0.033

–0.438

0.624

–0.558

0.786

0.226

3

0.03

0.005

0.093

–0.044

0.059

–0.145

0.973

a

Component 1 is misinformation and is not included, component 2 is the conspiracy theory that 5G technology contributes to the spreading of COVID-19,
and component 3 is the conspiracy theory that ingesting or injecting bleach can cure COVID-19 infection or kill the virus.

Public Health Safety Measures
This section investigates the impacts of what people learned
through web searches on behaviors toward public health safety
measures against COVID-19. Based on the elbow rule, the PCA
identified two public health measure components, which we
labeled as PubHealthMes1 and PubHealthMes2. The two

components accounted for the variability in the search index of
keywords used to learn about the public health measures against
the spread of COVID-19 (Figure 7). The first and second
components explained more than 75.4% and 18.7% of the
variability, respectively; that is, the first two components
explained about 94% of the variability (Table 6).

Figure 7. Scree plot of public health measures against COVID-19; two components extracted 93.99% of the variability in the search index.

Table 6. Total explained variance for terms that explained the public health measures against COVID-19.

a

Measure

PCa 1

PC 2

PC 3

PC 4

PC 5

Total initial eigenvalue

3.768

0.933

0.24

0.035

0.023

Variance, %

75.359

18.665

4.799

0.71

0.466

Cumulative variance, %

75.359

94.025

98.824

99.534

100

PC: principal component.

The first component, PubHealthMes1, includes the keywords
“social distancing,” “wash hands,” “isolation,” and “quarantine.”
In the second component, PubHealthMes2, the keyword “wear
mask” explained 84.7% of the variability (Table 7):
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PubHealthMes1 = 0.953 “social distancing” + 0.847 “wash
hands” + 0.953 “isolation” + 0.99 “quarantine”
PubHealthMes2 = 0.847 “wear mask.”
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Table 7. Component matrix and weight loading for terms that explained the public health measures.
Componenta

Weight loading for each keyword
Quarantine

Social distancing

Isolation

Wash hands

Wear mask

1

0.99

0.953

0.953

0.847

0.503

2

–0.028

0.143

–0.223

–0.38

0.847

a

Component 1 is public health measures represented by the keywords “social distancing,” “wash hands,” “isolation,” and “quarantine,” and component
2 is the public health measure represented the keyword “wear mask.”

Analysis of the Relationships Among the Principal
Components
This section presents further analysis that tested the hypothesis
raised in the earlier section using built predictive models. The
variables identified the linear combination of search keywords

significantly correlated (loading >0.6) to the principal
components discussed in the Results subsections above. Also,
Tables 2 to 7 present the underlying latent variables of the 25
search terms used to learn about COVID-19, the misinformation
and conspiracy theories, and the public health measures. As
stated, Figure 8 shows the underlying variables.

Figure 8. Daily search index of the principal components. ConspTheory1: conspiracy theory 1; ConspTheory2: conspiracy theory 2; pastCoVepidemics:
keywords that address previous epidemics; presCoVpandemic: keywords that explain the ongoing pandemic; PubHealthMes1: public health measures
1; PubHealthMes2: public health measures 2.

Here, we examine how the underlying variables and the search
terms impacted learning and behavior toward the public health
measures: learning about COVID-19 (pastCoVepidemics and
presCoVpandemic), misinformation and unproven or misleading
assertions (misinformation), conspiracy theories (ConspTheory1
and ConspTheory2), and public health safety measures
(PubHealthMes1 and PubHealthMes2).
The results show three essential highlights from the daily search
index. First, the most popular search terms used at the initial
outbreak of the pandemic in early January 2020 were terms
representing misinformation and past epidemics. The search
keywords that represented conspiracy theories were not used
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until May 2020. Also, the use of learning terms that directly
explained COVID-19 (ie, presCoVpandemic) corresponded
with the WHO’s naming and renaming of the coronavirus and
the disease (ie, “2019-nCoV,” “SARS-CoV-2,” and
“COVID-19”) in January, February, and March 2020.

Information Learned Versus Behavior Toward Public
Health Measures
We employed correlation analysis among the variables,
scatterplots, and their histograms to examine the relationship
between what people learned and their attitudes toward public
health measures (Figure 9).
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Figure 9. Panel pair plots of linear correlations between misinformation and conspiracy theory keywords. pastCoVepidemics: keywords that address
previous epidemics; presCoVpandemic: keywords that explain the ongoing pandemic; PubHealthMes1: public health measure 1; PubHealthMes2: public
health measure 2.

PubHealthMes1 has a robust positive relationship with
pastCoVepidemics (r=0.80) and a moderate positive relationship
with presCoVpandemic (r=0.73), which implies the
effectiveness of learning keywords associated with past
coronavirus epidemics (eg, “SARS,” “SARS-CoV,” “MERS,”
“MERS-CoV,” and more) and the ongoing pandemic (eg,
“2019-nCoV,” “SARS-CoV-2,” and “COVID-19”). Similarly,
PubHealthMes2 (ie, wearing a facial mask) has a moderate
positive relationship with presCoVpandemic (r=0.71). There is
a strong association between actions taken and the information
learned. Figure 9 shows a correlation matrix.

Given such a strong linear relationship between the search terms
and people’s behaviors and actions, a multiple linear regression
model seems acceptable as a predictive model. But the data
failed the assumption of normality, as shown by the
quantile-quantile (Q-Q) plots in Figure 10, A and B. A normal
Q-Q plot helps to compare two probability distributions, by
plotting the residuals against theoretical quantiles. Plots A and
B in Figure 10 show that most residuals are not lying on the
diagonal line; hence, the data are not normally distributed.

Figure 10. Quantile-quantile (Q-Q) plots of (A) PubHealthMes1 (public health measures 1, represented by the keywords “social distancing,” wash
hands,” “isolation,” and “quarantine”) and (B) PubHealthMes2 (public health measures 2, represented the keyword “wear mask”).
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From Figure 9, we can observe that the PubHealthMes1
histogram suggests a right-skewed distribution, while the
PubHealthMes2 histogram suggests a bimodal distribution. To
describe and explain the relationship between the public health
measures and the terms that contributed to learning about
COVID-19, misinformation, and conspiracy theories, we used
the log-linear predictive model, since the data are based on a
number of occurrences or frequency and not normally
distributed. Also, the log-linear model does not need to satisfy
any assumptions, which we represent as follows:

where xi is the covariate and βi is the parameter to be estimated.
The data obtained through the PCA have been fitted to a
log-linear regression model using RStudio tools from R (version
4.0.5; The R Foundation). The regression model obtained
becomes the following:
Log(PubHealthMes1)
=
3.33
+
0.0024
pastCoVepidemics + 0.011 presCoVpandemic
The R2 of the model is 0.93 and the P value is <.001. All the
coefficients in this model are significant at an α level of 0. From
the model, we see that there is a 1.10 percentage (100 × [exp0.011
– 1]%) increase in the public health measure for every 1%
increase
in
presCoVpandemic
(ie,
“2019-nCoV,”
“SARS-CoV-2,” and “COVID-19”). This may be explained by
links contained in recent COVID-19 pandemic articles on public
health measures. For every 1% increase in past epidemic
searches, there is a 0.25% increase in the searches of public
health measures. Similarly, the regression model for
PubHealthMes2 obtained becomes the following:
Log(PubHealthMes2) = 0.01 × presCoVpandemic +
2.35
The R2 of the new model is 0.50 and the P value is <.001. The
two models show that both PubHealthMes1 and PubHealthMes2
are significantly predictive using the presCoVpandemic
keywords. It shows that learning about the present pandemic
creates an incentive for people to learn about public health
measures, which we can approximate to a desired intention to
comply with the measures.

Misinformation, Conspiracy Theories, and Public
Health Measures
This section examines the relationship between conspiracy
theories, misinformation, and public health measures using
correlation and predictive analyses. As discussed earlier, we
recategorized the search terms representing misinformation and
conspiracy theories into two principal components. Hypothesis
3A, as defined in the Research Hypotheses section, focuses on
misinformation and public health guidelines. At the same time,
Hypothesis 3B addresses the impact of conspiracy theories on
people’s behavior toward the same safety measures.
Using correlation analysis to evaluate the association between
conspiracy theories and public health measures, we observed a
moderate positive linear association between ConspTheory2
and PubHealthMes2 (r=0.66) and a moderate linear relationship
https://www.jmir.org/2021/9/e28975
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between ConspTheory1 and PubHealthMes1 (r=0.53). The
log-linear analysis showed that conspiracy theories are not
significant predictors of PubHealthMes1 (P=.62) but are for
PubHealthMes2 (P=.008). Thus, the null hypothesis that there
is no association between conspiracy theories (ie,
ConspTheory1) and people’s responses to public health (ie,
wearing facial masks to limit the spread of COVID-19) is
rejected. We can conclude that conspiracy theories are predictive
of people’s behaviors in wearing facial masks.
We also analyzed the relationship between misinformation and
behavior toward public health measures. Although the
correlation and the predictive analyses showed a moderate
positive linear relationship between misinformation and
PubHealthMes1 (r=0.83), it is not predictive. The relationship
between the two variables is just mathematical but not causal.
Despite a negligible negative linear relationship between
misinformation and wearing a facial mask (r=0.11), the
log-linear model shows that misinformation is not a significant
predictor for both PubHealthMes1 (P=.27) and PubHealthMes2
(P=.13). Notwithstanding the strong linear relationship between
web searches to learn about misinformation and public health
measures, there is no sufficient evidence to reject the null
hypothesis. We can conclude that there is no association between
learning about COVID-19 misinformation and people’s response
to public health guidelines.

Discussion
Principal Findings
We found that people used search keywords related to past
coronavirus epidemics (pastCoVepidemics) and the ongoing
pandemic (presCoVpandemic) to learn about SARS-CoV-2 and
COVID-19. However, the attention accorded to the pandemic
led to less focus on terms relating to perennial illnesses (eg,
“common cold,” “flu,” and more). These results corroborate
studies reporting the unintended positive consequences of
COVID-19 leading to declines in cases of influenza, flu, and
similar infections (eg, Soo et al [46]). Other learning terms
employed were keywords that addressed the pandemic directly.
The average search indexes for those keywords were 19.01 for
“nCoV” and “2019-nCoV,” 39.75 for “SARS-CoV-2,” and
32.40 for “COVID-19.”
Studies examining learning by web searching emphasized the
significance of the search terms or phrases on what the users
intended to learn. A trending word on the web indicates what
information people are interested in learning [11,61,66]. This
study identified the 25 most-used keywords to learn about
SARS-CoV-2 and COVID-19 through web searches.
Regarding the impacts of what people learned on their behavior
toward public health measures, the PCA identified three latent
variables, classified as misinformation, ConspTheory1, and
ConspTheory2. Only ConspTheory1 (“@5G”) directly and
significantly influenced people’s behavior toward public health
measures (ie, PubHealthMes2 [“wear mask”]). The conspiracy
that 5G technology enhances the easy spread of COVID-19 [14]
highlights danger, which can cause people to take precautions.
A different study [15] identified erroneous beliefs in the 5G
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conspiracy theory as leading to the hoarding of essential goods
during the initial period of the SAR-CoV-2 outbreak. Although
there was a high correlation between misinformation (Tables 4
and 5) and behavior toward public health measures, this was
not statistically significant based on the web search index. Also,
as the pandemic lingers, thereby causing severe health and social
crises, strains in family relations, and economic and business
losses, many people are becoming increasingly aware of
COVID-19 dangers [21,57,67-69]. Through direct impacts or
by experience, this can cause changes in people’s behavior
irrespective of whether they believed the misinformation or not.

Strengths and Limitations
Internet platforms continue to play a significant role in health
communication during the ongoing COVID-19 pandemic. Some
studies attribute the increase in misinformation and conspiracy
theories about COVID-19 in different countries to web searches,
social media use, and online news media platforms that are used
to learn about SARS-CoV-2 and COVID-19 [10,11,29].
However, most studies were anecdotal with no empirical
evidence. Using Google Trends data, this study provides the
first empirical evidence to this discourse. In the era of big data,
the analysis of Google queries can be envisioned as a valuable
tool for researchers to explore and predict human behavior,
especially as studies suggest that online data can correlate with
actual health data [70,71].
Infodemiology studies have their limitations too. While Google
search keywords are short and easy to classify automatically,
interpreting the terms semantically can be challenging. It is not
clear why people are searching for these keywords. Furthermore,
when using Google Trends, the sample is unknown and may
not be representative, and individuals using the internet are not
representative of the entire population. They are more likely to
be younger, more educated, earn higher incomes, and reside in
urban areas [18]. Individuals who are more likely to be severely
affected by COVID-19 are not usually represented by this
population [72,73]. Despite the identified limitations, previous
studies suggest that web-based data provide valuable and valid
results in exploring and predicting behavior and highly correlate
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with actual data [70,71]. Further, there are reports of rapid
penetration of internet access and usage in different parts of the
world, except for in regions with low internet penetration or
countries with low scores in freedom of speech [22,74,75].

Conclusions
The results of this empirical infodemiology study showed that
a good portion of the global population learned about the
outbreak of SARS-CoV-2 and COVID-19 through web searches,
particularly in the early period of the pandemic. The period
covers the initial days, weeks, and months from the emergence
of the novel coronavirus in January 2020 up to June 30, 2020,
when the public became more aware of the pandemic, especially
after the first wave [1].
The PCA showed that people used the web to learn about the
ongoing COVID-19 pandemic in two ways, namely, using
pastCoVepidemics keywords and using presCoVpandemic
keywords. The use of pastCoVepidemics keywords in web
searches nosedived as the WHO formally named the novel
coronavirus and the disease (ie, “nCoV,” “2019-nCoV,”
“SARS-CoV-2,” and “COVID-19”) and, therefore, as these
terms became available. The trends analysis showed that web
searches used to learn about COVID-19 followed a similar trend
as learning about public health measures, implying that the more
that people focused their attention on learning about
SARS-CoV-2 and COVID-19, the more they also learned about
public health measures, and vice versa. Interestingly, learning
about the conspiracy theory (ConspTheory1) that 5G technology
contributes to the fast global spread of COVID-19 is a predictor
of people’s behavior toward public health measures
(PubHealthMes2). This erroneous belief makes people take
precautionary measures, such as wearing a facial mask, although
borne out of fear [14,15]. The same studies using the survey
method also identified the same 5G-related conspiracy theory
as making people respond out of fear to take precautions. This
factor contributed to stockpiling of goods in the early days of
the pandemic [15]. This study is the first to examine what people
learned through web searches and how these influence people’s
social behavior toward public health safety guidelines.
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Abstract
Background: Digital health interventions (DHIs) have the potential to improve public health by combining effective interventions
and population reach. However, what biomedical researchers and digital developers consider an effective intervention differs,
thereby creating an ongoing challenge to integrating their respective approaches when evaluating DHIs.
Objective: This study aims to report on the Public Health England (PHE) initiative set out to operationalize an evaluation
framework that combines biomedical and digital approaches and demonstrates the impact, cost-effectiveness, and benefit of DHIs
on public health.
Methods: We comprised a multidisciplinary project team including service designers, academics, and public health professionals
and used user-centered design methods, such as qualitative research, engagement with end users and stakeholders, and iterative
learning. The iterative approach enabled the team to sequentially define the problem, understand user needs, identify opportunity
areas, develop concepts, test prototypes, and plan service implementation. Stakeholders, senior leaders from PHE, and a working
group critiqued the outputs.
Results: We identified 26 themes and 82 user needs from semistructured interviews (N=15), expressed as 46 Jobs To Be Done,
which were then validated across the journey of evaluation design for a DHI. We identified seven essential concepts for evaluating
DHIs: evaluation thinking, evaluation canvas, contract assistant, testing toolkit, development history, data hub, and publish health
outcomes. Of these, three concepts were prioritized for further testing and development, and subsequently refined into the proposed
PHE Evaluation Service for public health DHIs. Testing with PHE’s Couch-to-5K app digital team confirmed the viability,
desirability, and feasibility of both the evaluation approach and the Evaluation Service.
Conclusions: An iterative, user-centered design approach enabled PHE to combine the strengths of academic and biomedical
disciplines with the expertise of nonacademic and digital developers for evaluating DHIs. Design-led methodologies can add
value to public health settings. The subsequent service, now known as Evaluating Digital Health Products, is currently in use by
health bodies in the United Kingdom and is available to others for tackling the problem of evaluating DHIs pragmatically and
responsively.
(J Med Internet Res 2021;23(9):e28356) doi:10.2196/28356
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Introduction
For public health interventions to significantly impact healthy
life expectancy in a population, reach has to be combined with
efficacy [1]. Reach is the proportion of the target population
affected by an intervention, and efficacy is the effect of an
intervention on the individuals it reaches. There is considerable
interest in the potential of digital health interventions (DHIs)
to improve public health. DHIs are delivered on digital
platforms, such as the web or smartphone apps intended to
deliver health care or health promotion [2]. Such DHIs are
expected to combine the reach of large-scale population
initiatives, such as media advertising, with the efficacy of
individual treatments. Furthermore, DHIs are intended to
increase both capacity and access to public health initiatives by
providing services in areas where face-to-face options are
unavailable or unable to meet demand.
Although there is evidence for the efficacy of many DHIs in
public health [3-10], few studies indicate that their public health
potential is being realized in practice. What constitutes success
is viewed differently by biomedical researchers and digital
product developers. Biomedical research on digital health is
heavily influenced by the pharmaceutical model with a focus
on trials and effectiveness, whereas digital developers often
focus on usability and acceptability [11]. However, both
perspectives are required [11]. A digital product cannot be
successful at scale without satisfactory usability. However, user
ratings can be insufficient, sometimes bearing either no relation
or even an inverse relation to the effectiveness of DHIs [12-14].
As a public health body with a finite budget and responsibility
for improving population health, Public Health England (PHE)
was at the forefront of considering how best to use DHIs to
improve health outcomes and evaluate their value (measured
as an improvement to public health). Multiple biomedical and
digital approaches to the evaluation of DHIs exist and are
described and critiqued elsewhere [2,11,15-18]. This paper
reports on a project by PHE to develop and operationalize an
evaluation framework that combines these approaches with the
goal of demonstrating the impact, cost-effectiveness, and benefit
of DHIs on public health.

Methods
Design
User-centered design (UCD), applied by a multidisciplinary
team, was used to synthesize the strengths of digital evaluation
approaches with those of the biomedical approach. The project
objectives were as follows:
1.
2.

Identify core audiences and stakeholders for evaluation of
DHIs (user groups)
Identify the needs of users for evaluating DHIs, including
barriers and facilitators
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3.

4.

5.

Identify the key performance indicators (KPIs) and
outcomes that different audiences and stakeholders consider
important in evaluating DHIs
Identify evaluation methods (ways of conducting an
evaluation study), tools (resources that can aid in carrying
out an evaluation), and metrics (standard quantitative
measures that can be used in an evaluation) applicable to
DHIs
Prototype and test an evaluation approach for DHIs used
in a public health context

User-Centered Design
A modified UCD approach, known as service design, was
adopted. The UCD approach bases the design, testing, and
development of a product or service on the needs of the users
affected by it [13]. This approach, which began as a focus on
the end user’s interaction with products, has evolved into
designing both products and services. It considers the needs of
a broad range of users, including organizational users providing
the service, users responsible for the finances and direction of
the service, and other users in the service ecosystem. This
holistic evolution is reflected in service design [19,20], a
choreography of the processes, technologies, and interactions
needed to set up and drive a service through a UCD perspective
[21].
Service design helps reduce risk by investing upfront in
validating a service proposition with end users before physically
building the product or service (desirability and usability),
clarifying what is required of the organization to deliver the
service (feasibility), clarifying the potential business impact of
the service (viability), having a strong focus on outcomes, and
embedding the host organization’s team that will eventually run
the service in research and design activities [22]. By designing
to meet the needs of users, service design methods are intended
to ensure that the resultant service is more likely to be desirable,
usable, feasible, and viable. Throughout this study, the term
UCD refers to the service design variation.
The project team followed the English Government Digital
Service’s agile approach, comprising discovery, alpha, beta,
and live phases [23]. This approach has subsequently been
adopted by governments worldwide. This paper reports the
discovery and alpha phases.

Setting and Project Team
At the time of the project, PHE was the national public health
agency in England responsible for protecting and improving
the nation’s health and well-being and reducing health
inequalities. The discovery phase was delivered from May to
June 2018 and the alpha phase was delivered from August 2018
to March 2019. The beta phase commenced in July 2019 and
was completed in 2021.
The project team was established using a competitive tender
[19], where applicants read a seminal paper [2] about evaluating
DHIs and presented an example of how they would integrate
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evaluation into the design and development of a DHI. The
successful applicant, Livework Studio Ltd, a service design
agency, worked alongside the internal PHE team to form the
overall project team (the project team).
In response to this challenge, Livework created a visual model
showing how different evaluation approaches and metrics could
be integrated into the design and experience of a DHI. The
model or design object (Figure S1 in Multimedia Appendix 1)
tangibly represents the problem of evaluating DHIs for various
stakeholders. The model was iterated as the project progressed.
PHE formed a working group with representatives across the
English health system, including the Department of Health and
Social Care, National Institute of Health and Care Excellence
(NICE), University College London (UCL), and the World
Health Organization. The working group provided knowledge
on the wider digital health landscape and sense-checked research
and deliverables.
The project team conducted 14 show and tells in the discovery
and alpha phases, wherein the project’s progress was shared
with a wider group of stakeholders (Show and tells are
opportunities for team members to showcase their work to their
team and wider stakeholders; it is a project management and
engagement technique commonly used by digital professionals).
This included sharing project plans, early research findings, and
design outputs from different research sessions. Stakeholder
feedback helped validate or raise concerns with the findings
and linked the project team to initiatives in the wider digital
health ecosystem.

Ethics
This project complied with the code of conduct of the Market
Research Society as required by PHE’s Research Ethics and
Governance Group, and informed consent was obtained from
the interview participants. The project’s methodology and results
were presented at two government-mandated service
assessments [23] at the end of the discovery and alpha phases
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to ensure adherence to the government Service Standard [24]
for digital projects.

Recruitment
Three categories of professionals involved in the design,
development, and commissioning of public health DHIs were
identified: academics, digital product developers (hereafter
referred to as digital developers), and public health
professionals. Research participants (N=15) for the interviews
were selected to reflect these user groups. Additional participants
were recruited in the following stages.
Academics were recruited for their expertise in developing and
evaluating DHIs, as reflected in their publications and national
reputation. Digital professionals with a track record of successful
development and wide-scale deployment of DHIs were selected,
including those working for PHE, National Health Service
England and Improvement (NHSE/I), and the private sector.
Public health professionals were selected for their experience
of commissioning or delivering public health services via digital
means and their strategic overview of the challenges involved.
Within digital and public health professionals, those with and
without experience of evaluating DHIs were sampled.

Results
Iterative Data Collection Methods Presented With
Results
We used seven data collection methods: (1) review of the
literature and internal documents, (2) semistructured interviews,
(3) co-design workshops, (4) concept development, (5)
assumption mapping and experiment design, (6) paper
prototyping, and (7) proof of concept. The outputs of each stage
were the inputs for the next stage (Figure 1). Through a series
of iterative developments, the project team progressively
evolved its understanding of the problem, user needs, and
potential solutions. The seven data collection and analysis
methods, along with the results of each stage are presented in
the following sections.

Figure 1. The seven data collection methods with the output of each stage becoming the input for the next stage.
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Review of the Literature and Internal Documents
Methodology
Internal PHE documents and sample publications on the
evaluation of DHIs provided by PHE staff, including the paper
by Murray et al [2] used in the supplier challenge, were
reviewed. The aims of the review were to (1) develop an
understanding of the problem space, (2) identify themes
pertaining to evaluating DHIs—including barriers and
facilitators—for exploration in semistructured interviews
(project objective 2), and (3) identify evaluation methods, tools,
and metrics applicable to DHIs (project objective 4). The
evaluation methods identified were categorized into academic,
health, economic, and digital methods. For each method, a
simple description, scenarios of use, pros and cons, cost, time,
and existing tools and guidance were captured.
The output of stage 1 formed the basis of a discussion guide
(Multimedia Appendix 2) for the semistructured interviews
(stage 2). Additional publications were collected and synthesized
throughout the study.

Corresponding Results
The barriers identified were organizational and disciplinary
silos associated with public health commissioning, design and
development of digital services, and academic evaluation;
unclear expectations and roles; different disciplinary
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expectations on what tools and methods to use for evaluation
and how to measure success or failure; limited time, capacity,
and funding; lack of evaluation experience; and rapidly evolving
DHIs (inherent tension with resource- and time-intensive
evaluations).
The facilitators identified were clear organizational goals
(outcomes) and decision-making processes, prioritizing
evaluation from the outset, ring-fenced funding, team capacity
and resources, guidance and case studies, communities of
practice, interdisciplinary collaboration, data standards, and
constructive feedback.
The resultant discussion guide (Multimedia Appendix 2) was
structured around the process of conducting an evaluation of a
DHI, as identified from the review of the literature and internal
PHE documents. Discussion guide sections included
unawareness and initiation of an evaluation; setup, information,
guidance, and tools; data, decisions, and outputs; and wrap up,
outputs, and outcomes. Questions within each section were
created to further explore themes pertaining to evaluating DHIs,
including decision-making; intervention mechanisms of action;
organizational obligations (to evaluate); metrics; success criteria;
and feedback loops. For the different user groups, additional
questions exploring the barriers to and facilitators of evaluating
DHIs were added. In total, 46 evaluation methods were
identified and categorized (Textbox 1; additional information
captured is available upon request).

J Med Internet Res 2021 | vol. 23 | iss. 9 | e28356 | p.1076
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Karpathakis et al

Textbox 1. Evaluation methods identified from the review of literature and internal documents.
Academic
•

Cluster randomized controlled trial (RCT)

•

Consultative or deliberative methods

•

Documentary analysis

•

Ethnography

•

Factorial RCT

•

Feasibility RCT

•

Focus group

•

Individual and group interviews

•

Interrupted time series

•

Natural experiment

•

Nonrandomized controlled before and after

•

Process evaluation

•

Propensity score-matched control study

•

RCT

•

Sequential multiple assignment randomized trial

•

Stepped-wedge RCT

•

Survey of digital health intervention users

•

Surveys of target population for digital health intervention

•

Uncontrolled before and after

•

Qualitative comparative analysis

•

Qualitative evaluation

•

Quantitative observation studies

Digital
•

A/B testing

•

Advertising data

•

App Store data

•

Cohort analysis

•

Digital uptake

•

Email tracking

•

Funnel analysis

•

Guerrilla user research

•

In app analytics

•

Likes or shares

•

Net promoter score

•

Microrandomized trials

•

Notifications

•

Web-based survey or polling

•

Search traffic

•

Self-reporting

•

Simulation modeling

•

Social media research
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•

Usability testing (laboratory based)

•

Wearable device data

•

Web analytics
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Health Economic
•

Cost-benefit analysis

•

Cost consequence

•

Cost-effectiveness analysis

•

Cost utility

Semistructured Interviews
Methodology
Semistructured interviews were conducted to identify user needs
(project objectives 1 and 2). Interviews explored participants’
roles in relation to commissioning, designing, or developing
DHIs; their understanding of evaluation; and their previous
evaluation experience. Subsequent questions focused on the
process of evaluation and its evolution as a DHI are developed,
along with the key themes, barriers, and facilitators identified
in stage 1.
Interviews were conducted by service designers with expertise
in design research, lasted 60-90 minutes, and were
audiorecorded. Detailed field notes were also provided. Both
field notes and transcribed interviews formed a part of the data
set.
An interview capture template was used to highlight and
thematically organize the interview data. After each interview,
the researcher reviewed their field notes and transcripts,
highlighting the points of interest. These points were coded
using a common set of themes based on the stages of the
evaluation process (before, beginning, during, and after) and
known areas of interest, such as collaboration, clinical risk,
support and guidance, technology, and data, as identified in
stage 1. If an observation did not obviously fit within an existing
theme, a new theme was created to code it, or it was highlighted
for further review by the wider project team.
Key user statements and interview observations generated the
first iteration of user needs [18], including needs being met by
current means of evaluating DHIs and needs that remained
unmet or were causing difficulty and frustration in evaluation
efforts. Identified user needs were articulated using an accepted
UCD template called Jobs To Be Done (JTBD), which identifies
the type of user, their need, when the need arises, and the
outcome they are trying to achieve [25]. This structured
articulation clearly communicates the user’s needs to
stakeholders and the project team.

and user needs; and clustered them according to the common
themes. User needs were mapped against a common user
journey—a way of showing a user’s journey through a service
across time [26]. This produced an overview of where and when
user needs occurred throughout the process of designing a DHI
evaluation.

Corresponding Results
A total of 15 semistructured interviews were completed, five
per target user group (Table 1). Some participants were invited
to take part in multiple data collection stages, with 6
interviewees participating in the co-design workshops (stages
3 and 4), 4 co-design workshop attendees participating in paper
prototyping (stage 7), and 1 interviewee participating in the
proof of concept (stage 8).
In total, 26 themes about evaluating DHIs were identified and
validated (Textbox S1, Multimedia Appendix 1). These themes
were organized by a user group (academic, digital, and public
health) and an evaluation stage (overview; unawareness and
initiating an evaluation; setup, information, guidance, and tools;
data, decisions, and outputs; outcomes, feedback, and decisions;
and incidents and changes).
A total of 82 JTBD were generated (18/82, 21% academic;
37/82, 45% digital; and 27/82, 32% public health), derived from
the outputs of stages 1 and 2. Table 2 shows an example of the
semistructured interview analysis and the resulting JTBD.
The initial set of JTBDs was refined and augmented through
feedback from stakeholders at the show and tells. The project
team then reviewed the outputs and distilled the superset of
research findings and user needs into a smaller subset of user
needs or JTBD: (1) representing the essential stages of the
journey, (2) most essential stages (ie, if the need was not met
then subsequent needs could not be met), and (3) those stages
most strongly indicated by research stages 1 and 2
(semistructured interviews and publications). The refined 46
JTBDs (13/46, 28% academic; 20/46, 43% digital; and 13/46,
28% public health) and the outputs of stage 1 formed the input
for the first co-design workshop.

After the initial round of analysis, the project team collectively
reviewed all interviews; shared points of interest, observations,
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Table 1. Overview of participant characteristics at data collection stages 2, 3, 4, 7, and 8.
Participants

Semistructured inter- Co-design workshop
views (stage 2; n=15) 1 (stage 3; n=10)

Co-design workshop
2 (stage 4; n=10)

Paper prototypes
(stage 7; n=11)

Proof of concept
(stage 8; n=6)

Academic

5 (33)

1 (10)

3 (30)

2 (18)

N/Aa

Digital

5 (33)

5 (50)

4 (40)

6 (55)

6 (100)

Public health

5 (33)

4 (40)

3 (30)

3 (27)

N/A

•
•
•

•
•
•
•

•

•
•

•

User type, n (%)

Organizations

•
•
•

a

Be Mindful
Fresh Egg
Lancashire
County Council
Mindtech

Mindwave
PHE
SH:24
UCL

NHSE/Ib

•
•

PHEc
SH:24
The University
of Edinburgh

•

UCLd

•

WHOe

•
•
•
•
•

DHSCf
King’s College
London

DHSC
PHE

PHE

NICEg
PHE
Unboxed
WHO

N/A: not applicable.

b

NHS E/I: National Health Service England and Improvement.

c

PHE: Public Health England.

d

UCL: University College London.

e

WHO: World Health Organization.

f

DHSC: Department of Health and Social Care.

g

NICE: National Institute of Health and Care Excellence.

Table 2. For each user group, we provide an example aligned theme, illustrative quote, and Jobs To Be Done mapped to the relevant evaluation stage.
User
group

Evaluation
stage

Theme

Academic Stage 2: setup, Evaluation
information,
methods
guidance, and
tools

Digital

Public
health

a

Stage 4: out- Design procomes, feed- cess
back, and decisions

Stage 0:
overview

Illustrative quote

Jobs To Be Done

“You have a set of tools and paradigms that are going to be suitable for different types of problems. When you’re investigating
different types of problems, for particular types of stakeholders,
which particular types of objectives, or even particular types of
technology, or particular stages of innovation, you have to be
careful about finding the right thing and not trying to squeeze a
round peg into a square hole.”

•
•

“It’s fundamental to my role in a non-academic non-traditional
sense, as far as a non-empirical sense, because I'm the one who
manages [metric company name] and given what it takes to insure
and also the research we conduct with users to define and validate
services prior to committing resources developing them. But also
to maximize them later, so we use informal or design led evaluation means to validate, to research, to prove assumptions prior
to designing things.”

•
•

•
•

•
•

Funding and “First, we’re using it to channel shift. So, if we can get people to •
costs
use digital interventions rather than face-to-face interventions
which are much more expensive, then we’re developing a range •
of products and services around that. On sexual health, we have
a new program on contraceptive access for women to help them •
to make choices online and to get their contraceptive online rather
•
than going in through GPa services.”

As an evaluator
When I design/set up an evaluation
I need access to a range of evaluation tools and paradigms
So that I can choose the one fit for
the problem
As a digital professional
When deciding what to design and
how to design it
I need to validate service propositions by proving assumptions
So that I can be confident in committing resources developing them
As a Director of Public Health and
Well-being
When I am planning service
changes
I need to know if people will use
a digital approach
So that we can save money by
shifting service from more expensive face-to face-services

GP: general practitioner.
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Co-design Workshop 1
Overview
Two co-design workshops were held to (1) validate the findings
from semistructured interviews (project objectives 1 and 2), (2)
help create a user journey that reflected the user requirements
for all three user groups (project objective 2), (3) identify
evaluation methods, tools, and metrics applicable to DHIs
(project objectives 2, 3, and 4), and (4) consider the structure
of DHIs (ie, intervention component and delivery component;
project objectives 4 and 5).

Methodology
Findings from stages 1 and 2 were articulated as JTBDs or user
needs for each of the three user groups. These were mapped
onto a user journey reflecting all stages for meeting the goal of
evaluating a DHI (Figure S2; Multimedia Appendix 1). This
mapping was used to reflect the timings and interdependencies
of each step and the user needs preceding the evaluation of a
DHI.
Workshop participants were divided into groups of three: one
person from each profession (digital, public health, and
academic). These trios worked through the draft user journey
from the perspective of a specified user group, discussing
reactions, validating the user needs that they recognized, editing
where necessary, and adding missing user needs. The exercise
was repeated twice until each trio reviewed the draft journey
from the perspective of all three user groups. Reviewing all
three sets of user needs promoted the understanding of other
perspectives among the workshop participants and the project
team.
Participants then reviewed and edited a catalog of 46 evaluation
methods and tools collated by the project team in stages 1 and
2. Participants considered different ways of categorizing them
according to the timing in the journey of planning and
conducting an evaluation.

Corresponding Results
Workshop participants validated, refined, or rearticulated the
46 JTBDs (13/46, 28% academic; 20/46, 43% digital; and 13/46,
28% public health) across the stages of the evaluation journey.
A further 27 JTBDs (8/27, 29% academic; 1/27, 3% digital; and
18/27, 66% public health) were added by workshop participants.
The project team had a total of 73 JTBDs (21/73, 28% academic;
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21/73, 28% digital; and 31/73, 42% public health) at the end of
the first workshop.
The first co-design workshop structure also exposed participants
representing the three user groups to the aims, perspectives, and
corresponding needs of the other user groups. Participants were
observed sharing points of view, articulating their needs that
were not self-evident to other user groups, and learning where
their respective needs coincided. Furthermore, the different user
groups learned about the scope and responsibilities of each
other’s roles and where interdependencies between their needs
and evaluation activities were.
Workshop participants reviewed, validated, and differentiated
the evaluation catalog into evaluation methods, tools, or metrics.
Of the initial 46 evaluation methods, tools, and metrics, six were
amended, and the participants added three methods, three tools,
and 14 metrics.
Participants were observed learning about evaluation methods,
tools, and metrics they had not previously used, including their
benefits and potential scenarios of use. Participants from
different user groups shared with each other how they used the
evaluation methods, tools, and metrics in their own role and
how they chose the appropriate one, for example, based on the
potential health risk of a DHI.
After the first co-design workshop, the project team collectively
reviewed the outputs and distilled the 73 JTBDs (21/73, 28%
academic; 21/73, 28% digital; and 31/73, 42% public health)
into a smaller subset to be used as design stimulus for the second
co-design workshop. Following the same process for selecting
a subset of user needs as performed in stage 2, the subset of
JTBDs was selected by (1) representing the essential stages of
the journey, (2) most essential need (ie, if the need was not met
then subsequent needs could not be met), (3) those needs most
strongly indicated by research stages 1-3, and (4) those needs
that were actionable and useful as stimuli for a design workshop.
The project team prioritized 9 JTBDs (3/9, 33% academic; 3/9,
33% digital; and 3/9, 33% public health; Table 3) for input into
the second co-design workshop. The resultant catalog of
evaluation methods, tools, and metrics from the first co-design
workshop formed the basis of an evaluation method catalog
(project objective 4) used in stage 8 (proof of concept: prototype
of full-service experience).
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Table 3. The nine Jobs To Be Done prioritized for co-design workshop 2, with three prioritized per user group.
User group

JTBDa 1

Public health •
•
•
•

Academic

•
•
•
•

Digital

•
•
•
•

a

JTBD 2

JTBD 3

As a public health professional
When reviewing the outcomes of an
evaluation
I need the flexibility within the project
and team to make decisions that
change the direction of the project
So that learnings can be used to change
the service for the better

•
•
•

As a public health professional
When evaluating a service
I need to know if the service is having
an impact on key metrics
So that I can make an investment case
for rolling the service out at scale

•
•
•

As an evaluator
When evaluating a health product or
service
I need access to clean, accessible and
linked data from across the health system
So that I can do my evaluation

•
•

As an evaluator
When designing or setting up an evaluation
I need access to a range of evaluation
tools and paradigms
So that I can choose the one fit for the
problem

•
•
•

As a digital professional
When evaluating a service qualitatively
I need to be able to observe users
So that I can understand why they are
having difficulties

•
•

•

•
•

•
•

•

•

•
•
When planning a DHIb
I need to know what sort of evaluations
•
might need to take place
So that I can be prepared to participate
•
As a digital professional

As a commissioner
When writing a brief
I need to set expectations around metrics, methods, and implementation as
well as provider skills and capabilities
So that providers can build these into
their solution design and implementation plan
As an academic evaluator
When doing evaluation
I need an in-depth understanding of
the intervention and the pathway of
action
So that I can properly evaluate it

As a digital professional
When deciding what to design and
how to design it
I need to validate service propositions
by testing assumptions
So that I can be confident in committing resources to develop them

JTBD: Jobs To Be Done.

b

DHI: digital health intervention.

Co-design Workshop 2
Methodology
The second co-design workshop was built on the first and aimed
at designing concepts for an evaluation framework for DHIs in
a public health context (project objective 5). Attendees worked
in groups of three, as before. Using a DHI case study, the
attendees created a concept for an Evaluation Service by
imagining how a user would conduct an evaluation in each case.
Stimulus materials, comprising interactive design artifacts and
JTBD from stages 1 to 3 and those specifically created for the

workshop (Figure S3 in Multimedia Appendix 1), provided
some structure for creating the concept. Attendees synthesized
these inputs into a service concept that they named, described,
and visualized using a concept template (Figure S3 in
Multimedia Appendix 1). Each concept was shared with all
workshop attendees for feedback.
Workshop outputs included a series of eight conceptual drawings
and descriptions. Using the outputs from stages 1 to 4, the
project team further articulated the different user groups as user
typologies [27] based on key dimensions of difference (Figure
2).

Figure 2. User typology for public health professionals evaluating a digital health intervention (black circles indicate the distribution of participants
in stage 2 semistructured interviews).
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Corresponding Results
The workshop produced eight raw concepts considered essential
by the participants for the DHI evaluation framework:
1.
2.
3.

4.

5.

6.
7.

Integrated evaluation: builds in evaluation thinking, skills,
and tools at the beginning of the DHI development process.
Parallel playbook: a series of experiments to validate DHI
propositions and iterate these to validate the impact.
Contract guidance: a person to help write contract terms,
thereby ensuring providers build evaluation into the design
and agree to cease or change course if the desired outcomes
are not indicated.
Measurements aggregator: a way to discover and integrate
health outcome measures into one place. This would enable
digital teams to explore health outcome data and make
informed decisions when developing their DHI.
Standardized way of collecting or structuring data: a visible,
accessible history of the development process for a DHI
and how it was evaluated.
Conventional medical model: linking user data from a DHI
to how it affects end users’ health outcomes.
Access shortcuts: an NHS data owner who has an agreement
with the local authority and clinical commissioning group
for sharing and accessing data to inform DHI development
and evaluation.
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8.

Innovation framework: a PHE open-source innovation
framework for understanding the DHI context and sharing
data.

Figure 2 shows the user group typologies designed using the
dimensions of activity in evaluation (commissioning or
delivering) and confidence in evaluation (low or high).

Concept Development and Prioritization
Methodology
Stages 1 to 4 outputs formed the basis of the concepts the project
team further developed, prioritized, and carried forward. We
synthesized seven distinct concepts for evaluating DHIs with
clear propositions to support prioritization by the project team
and working group (Table 4; Multimedia Appendix 3, containing
the image of project team member synthesizing stages 1-4
outputs into the seven distinct concepts for evaluating DHIs).
How each concept was linked to meet user needs via three key
interconnected scenarios of use was visualized (Figure 3).
The concepts were scored and prioritized according to the
following criteria: meeting user needs, delivering on project
objectives, and feasibility for implementation within the PHE.
The highest scoring concepts were taken forward into the alpha
phase of the project.
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Table 4. Final seven concepts for evaluating digital health interventions and underlying Jobs To Be Done.
Concept

Concept proposition

Evaluation thinking

•

•

Evaluation canvas

•

•

Contract assistant

•
•

Testing toolkit

•

•

Development history

•

•
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Example underlying JTBDa Sample user quoteb

When doing a digital health project at •
PHEc, evaluation thinking, skills, and
•
tools should be integrated into the
project from the start.
Evaluation needs to be a central part •
of the design process and iterative delivery of any PHE service or product.
•

As a Director of Public
Health
When commissioning
services
I need evaluation to be
aligned closely with
service delivery
So that it is formative
and not a separate
piece of work

“You have to get them at the beginning.
And it’s really hard when you don’t get
them at the beginning, ‘cause then you’ve
got to try and do a retrospective evaluation.
You never have the right data. It’s never as
good of quality.”

The evaluation canvas is PHE’s vali- •
dated and accepted portfolio of met- •
rics, tools, and methods for evaluating
•
DHIsd.
This canvas is the first step to creating
a knowledge base on the effectiveness
of digital health in meeting health out- •
comes and will support decisions on
policy, practice, and research.

As an evaluator
When designing or setting up an evaluation
I need access to a range
of evaluation tools and
paradigms
So that I can choose
the one fit for the problem

“You have a set of tools and paradigms that
are going to be suitable for different types
of problems. When you’re investigating
different types of problems, for particular
types of stakeholders, which particular types
of objectives, or even particular types of
technology, or particular stages of innovation, you have to be careful about finding
the right thing and not trying to squeeze a
round peg into a square hole.”

A way for PHE teams to create strate- •
gic relationships with suppliers, supported by forward-thinking contracts. •
A core requirement when working for
PHE will be embedding evaluation into •
the design and development of the DHI
and allowing for flexibility in contracted deliverables as the DHI progresses.
•

As a public health professional
When setting up evaluations
I need to get the datasharing agreements in
place as simply as possible
So that I can collect,
collate, and evaluate
the data

“It’s setting a level of expectation...as part
of their bids, they need to articulate how
they’re going to capture data and how
they’re going to evaluate. And we needed
some commonality so that if we have three
sites, we can compare across the three
sites... aggregate all our data together.”

Simple tools and methods to enable
PHE teams delivering a DHI to test all
aspects of the service or product
throughout the development journey.
The toolkit could include a guide for
face-to-face research, approaches to
and models for planning and prototyping, functionality for randomizing
users, and digital solutions for validating propositions in the market and/or
against existing services.

•

As a digital professional
When deciding what to
design and how to design it
I need to validate service propositions by
testing assumptions
So that I can be confident in committing resources to develop
them

“It’s fundamental to my role...I’m the one
who manages [metric company name]
and...also the research we conduct with
users to define and validate services prior
to committing resources developing them.
But also to maximize them later, so to use
informal or design-led evaluation means to
validate, to research, to prove assumptions
prior to designing things.”

A tool for PHE to record the full development history of their DHI project.
This will support decision-making, facilitate process evaluation, and enable
successful assurance in line with the
Government Digital Service pipeline
approach.
This record would include user needs,
decisions and rationale, testing methods and results, information about the
underlying technology, and stakeholder mapping.

•

As an academic evaluator
When doing evaluation
I need an in-depth understanding of the intervention and the pathway of action
So that I can properly
evaluate it

“You need a really good understanding of
how and why these things are working and
what you're changing...which is often much
more complex than people gather.”

•
•
•

•
•

•
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Concept

Concept proposition

Example underlying JTBDa Sample user quoteb

Data hub

•

PHE’s data hub provides access to
high-quality, accessible, and understandable public health data for
providers, academia, and the wider
market.
Similar to Transport for London’s
Open Data, PHE will encourage developers to use PHE’s data feed to solve
public health problems in innovative
ways.
By setting the standard for the metrics
in the data hub and promoting collaboration, this data hub may, in the future,
allow for longitudinal analysis of
DHIs.

•
•

A place for stakeholders to publish and
share how DHIs have met or not met
desired health outcomes. This promotes collaboration among teams
working in similar areas and enables
sharing of best practices.
Collaboration among PHE, public
health professionals, academia, and
suppliers working in digital public
health aligns with the Government’s

•

•

•

Publish health outcomes

•

•

Industrial Strategy and the NHSe Innovation Strategy.
a

Karpathakis et al

•

•

•
•
•

As an evaluator
When evaluating a
health product or service
I need access to clean,
accessible and linked
data from across the
health system
So that I can do my
evaluation

“A lot of their datasets are in silos, they're
maybe not using data the most effectively.”

As a digital professional
When working with
PHE
I need to understand
clearly what clinical
data is required
So that I can be clear
what success or impact
looks like and can provide clinical impact

“We moved away from a lot of input and
process measures, and balanced it with
output and outcome measures, so we know
now what impact they're having with individuals that they're working on, particularly
their mental well-being, the escalation of
demand into adult social care, and how
they're embedding into a neighbourhood
context more than they used to before.”

JTBD: Jobs To Be Done.

b

Data from initial semistructured interviews with representatives of target user groups (academic, digital, and public health).

c

PHE: Public Health England.

d

DHI: digital health intervention.

e

NHS: National Health Service.

Figure 3. Scenario of use illustrating how the final concepts fit together to facilitate setting up digital health intervention evaluations from conception
(project setup) through collection of data and evidence to planning testing of minimum viable products (evaluation planning).

Corresponding Results
See Table 4 for the final seven concepts created to evaluate the
DHIs. The concepts integrated perspectives and approaches
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from all three user groups and were combined into a scenario
of use for PHE stakeholders. Figure 3 illustrates how the
concepts fit together into a proposed Evaluation Service for
helping teams evaluate their public health DHIs. Three concepts
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were prioritized to take forward to the next phase of work:
evaluation thinking, evaluation canvas, and testing toolkit. The
evaluation thinking concept was taken forward in a separate
work stream and is, therefore, not discussed in this paper.
Textbox 2 illustrates how one of the final concepts, evaluation

Karpathakis et al
canvas, was derived and iterated through the methodology
outlined in stages 1 to 5. This is an iterative process with
multiple feedback loops rather than a linear one. See Tables S1
and S2 in Multimedia Appendix 1 for how the prioritized
concepts, testing toolkit, and evaluating thinking were derived.

Textbox 2. Sample Jobs To Be Done life cycle from primary research (stages 1 and 2) to co-design workshops (stages 3 and 4) to refined concepts
prioritized by Public Health England for further development (stage 5) in evaluating digital health interventions.
Evaluation Stage
•

Stage 2: setup, information, guidance, and tools

Theme
•

Evaluation methods

User Quote
•

“You have a set of tools and paradigms that are going to be suitable for different types of problems. When you're investigating different types
of problems, for particular types of stakeholders, which particular types of objectives, or even particular types of technology, or particular stages
of innovation, you have to be careful about finding the right thing and not trying to squeeze a round peg into a square hole.”

Jobs To Be Done
•

As an evaluator

•

When I design/set up an evaluation

•

I need access to a range of evaluation tools and paradigms

•

So that I can choose the one fit for the problem

Raw Concept From the Co-design Workshop 2
•

Parallel playbook:
a series of experiments to validate digital health intervention propositions and iterate these to validate impact

Refined Concept for Further Development
•

Evaluation canvas:
the evaluation canvas is Public Health England’s validated and accepted portfolio of metrics, tools and methods for evaluating digital health
interventions. This canvas is the first step to creating a knowledge base on the effectiveness of digital health in meeting health outcomes and will
support decisions on policy, practice, and research.

Assumption Mapping and Experiment Design
Methodology

experiments (stage 6) formed the input for the paper prototypes
(stage 7), which made the experiments tangible for the
participants and project team.

Assumption mapping and experiment design were performed
to understand what needed to be true for each of the prioritized
concepts to work in practice within PHE (project objective 5).
This means, for example, that end users find the concept
understandable, usable, desirable, and feasible within their
workflow (project objectives 2 and 3).

Corresponding Results

For each concept, the project team identified assumptions and
articulated a hypothesis in the form of “We believe [insert user]
will [action].” This activity helped identify the circumstances
in which a hypothesis would be considered true or false and
therefore whether the assumptions were correct or erroneous.
Experiments were conducted to test each hypothesis, including
design artifacts for stimulating feedback. These experiments
were a combination of thought experiments and practical tasks.

Paper Prototypes

The outputs (prioritized concepts) from stages 1 to 5 and the
subsequently articulated assumptions, hypotheses, and potential
https://www.jmir.org/2021/9/e28356
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The underlying assumptions and associated hypotheses were
mapped for two concepts, evaluation canvas and testing toolkit,
and for the proposed Evaluation Service overall. Ten
assumptions were mapped with ten hypotheses (Table S3,
Multimedia Appendix 1).

Methodology
Testing sessions were held with both individual users and teams
(Table 1) running a live DHI. These sessions differed from the
semistructured interviews as they tested whole or partial
solutions for the service using paper prototypes (project
objective 5). These sessions were used to understand (1) all of
the requisite steps, (2) the depth of each individual step, and (3)
how the steps should be ordered and interrelated. They enabled
the project team to iteratively test their understanding and clarify
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the evaluation approach. For example, to build a project team’s
high-level understanding of the potential service (project
objective 5), paper cards representing the stages of the emerging
Evaluation Service journey were created (see Multimedia
Appendix 3, item 2A showing the image of paper cards
representing the stages of the emerging Evaluation Service
journey used in stage 7, paper prototyping). Teams put these
cards in the order that made the most sense to them and added
any missing steps (see Multimedia Appendix 3, showing the
image of paper cards representing the stages of the emerging
Evaluation Service placed in order by user research participant
in stage 7, paper prototyping).
Interactive design artifacts were also used to learn more about
the individual steps of the Evaluation Service journey. This
included testing logic models (conceptual models representing
how a product is expected to work) and service blueprints [28]
(diagrammatic representations of how the front- and backstage
of a service function and dependencies) to learn how DHI teams
align on the desired health outcomes and how they assess
whether their DHI meets user needs.
The project team turned each of the aforementioned steps into
interactive workshop activities to participate in DHI teams.
First, they printed the logic model template and put it on the
wall, with descriptions for each step (see Multimedia Appendix
3 showing the image of interactive workshop testing the logic
model with a DHI team in Stage 7, paper prototyping). The DHI
team then went through each step together. The project team
observed the DHI team’s conversations and interactions, noting
whether the activity made sense to them, the questions they
asked, and the group discussion.
The project team conducted a similar interactive workshop with
the service blueprint (see Multimedia Appendix 3 showing the
image of interactive workshop testing the service blueprint with
a DHI team in stage 7, paper prototyping). In addition to
describing the user’s needs and actions, the service blueprint
can include layers reflecting the service touchpoints and features,
as well as the organizational delivery point of view, such as the
people, processes, policies, and systems [29] required to bring
each stage of the user experience to life.
The service experience tested had both analog (eg, in-person
workshops) and digital components (eg, a digital platform). The
proposed digital platform, which includes evaluation guidance
and printable workshop materials, is referred to as the Evaluation
Service. The Evaluation Service idea was tested with users using
wireframes to represent the digital experience of a landing page
and web pages for each step of the Evaluation Service. This
enabled the project team to learn what users expect from a digital
platform, as well as their feedback on content and design. The
project team turned the outputs of stage 7 into a prototype of a
full Evaluation Service, which was the input for stage 8 (proof
of concept).

Corresponding Results
Seven partial service experience paper prototype sessions were
conducted with a range of participants (Table 1). The project
team collated insights from each session, presented below, which
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corresponded to the concepts and hypotheses tested (Table S3,
Multimedia Appendix 1).
The outputs of the paper card sorting exercise resulted in ordered
steps for evaluating a DHI: building an interdisciplinary team,
creating a conceptual model (logic model), creating a detailed
service blueprint, selecting relevant indicators against health
outcomes, selecting relevant evaluation methods (testing toolkit),
and learning how to use selected methods and indicators to
evaluate a DHI (testing toolkit and evaluation canvas).
By testing different paper versions of conceptual models (logic
models and/or theory of change), the project team learned that
the logic model was the simplest tool. Participants expressed
the benefits of a logic model: looking at the bigger picture,
choosing KPIs, prioritizing important outcomes to aid
decision-making, capturing and updating project elements such
as objectives, explaining how a DHI worked, and cocreating
DHI project value with stakeholders. These sessions also
revealed that the more a DHI team presents the bigger picture
of what they are trying to achieve, the better the resultant
understanding of the team and stakeholders.
These testing sessions demonstrated that participants focused
more on measuring the uptake of a DHI than the impact on
health outcomes. Teams did not know about national resources,
such as PHE’s Public Health Profiles (Fingertips), and so did
not link their DHI to nationally recognized health measures.
The project team observed that participants would benefit from
signposting and guidance in the proposed Evaluation Service
to link nationally recognized and validated measures.
Participants preferred the printed workshop format of the logic
model rather than a web-based version, as it was easier to
collaborate. Participants requested more accessible language
and the use of arrows to indicate causality. Participants liked
referring to previous or example logic models to see whether
their version made sense by comparison. It was suggested that
example logic models and guidance should be part of the
proposed Evaluation Service offering.
The result of testing the evaluation canvas was breaking it down
into its constituent parts and merging it into the Evaluation
Service. For example, the program elements were absorbed into
the context section of a logic model.
From testing paper and digital versions of the service blueprint,
the project team learned that participants responded well to the
dimension of time it introduced and the ability to reflect on user
experience throughout time as a result of a DHI (not) meeting
a user’s needs. By mapping a DHI to its place or impact on a
user’s journey (via the service blueprint), participants articulated
that they could see the gaps in their understanding of user needs
and the features of their DHI. Adding the backstage detail (ie,
organizational elements: people, processes, policies, and
systems) to the service blueprint also gave participants a better
understanding of what their DHI did well and where it could
be improved.
Overall, the paper prototype testing revealed that the proposed
Evaluation Service should contain information about (refer to
Table S3, Multimedia Appendix 1 for details on each
hypothesis) the following aspects:
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How to determine the aim of a DHI evaluation with health
and service outcomes as core elements of building an
evaluation strategy (hypotheses G1, G3, T1, C1, C2, and
C3).
Set up an evaluation at the beginning of DHI development
(hypotheses G2.1, G2.2, and T2).
Process and steps for DHI evaluation (hypothesis T2).
Constant revision and integration of evaluation strategy
into DHI development (hypotheses T1, T2, and C1).
Who is involved in DHI evaluation (hypotheses T3, C1,
and C3).
Different types of evaluation (impact, process, and health
economics; hypothesis C1).
Selection of evaluation methods and tools (hypotheses T1,
T3, C1, and C2).
Required capabilities and resources (hypotheses G2.1, T1,
T3, and C3).
Barriers that may be encountered during an evaluation
(hypotheses C1, C2, and T1).
External policy and stakeholder factors influencing an
evaluation (hypotheses G1).
Creating a common language and understanding among
different disciplines involved in DHI evaluation (hypotheses
G3, T1, T3, C1, and C3).

Proof of Concept: Prototype of the Full-Service
Experience
Methodology
Stages 1 to 7 culminated in the project team conducting a
proof-of-concept test in which a digital team followed the
proposed Evaluation Service to build an evaluation approach
for their DHI (project objective 5). The proof of concept was a
series of workshops run with PHE’s Couch-to-5K app in-house
digital team (see Multimedia Appendix 3 showing the
illustration of stage 8 proof of concept: prototype of the
full-service experience conducted with PHE’s Couch-to-5K app
in-house team showing the paper prototyping interactive
workshops and associated digital materials). For example, the
Couch-to-5K team used the logic model workshop template to
define the problem they were addressing and clarify the desired
health and service outcomes. They used a service blueprint
template to describe users’ needs, experiences, and actions
concerning service touchpoints and features, organizational and
operational capabilities, and actions, as well as the desired health
outcomes.
In addition to testing these sequential design artifacts, an
evaluation facilitator role was tested in each workshop with the
Couch-to-5K team. The Couch-to-5K team was provided with
relevant materials and a brief introduction to the workshop aim
and then invited to move through the activity as independently
as possible. The Couch-to-5K team was observed to see what
made sense to them and what they understood correctly. When
the Couch-to-5K team needed help, the evaluation facilitator
provided guidance; this helped identify when the guidance or
materials were unclear and when a DHI team would need and
value facilitator support.
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Corresponding Results
The logic model workshop brought the Couch-to-5K team
together around a shared view of the health outcomes they were
trying to deliver for Couch-to-5K app users. By mapping user
needs to the service blueprint and aligning them with service
features, the Couch-to-5K team obtained a shared view of the
user needs and their relation to the desired health outcomes.
The Couch-to-5K team identified unmet basic needs (eg,
incidents) and areas for improvement in the evaluation journey.
The Couch-to-5K digital team was alerted to different evaluation
methods and tools relevant to their product and its context
(including maturity, budget, time constraints, and risk profile).
Spending time reflecting on KPIs highlighted to the
Couch-to-5K team additional pertinent indicators worth beyond
what they already collected (eg, KPIs related to the broader
physical activity market). The Evaluation Service experience
subsequently informed the design of the Couch-to-5K behavioral
database (incorporating newly identified KPIs aligned to desired
health outcomes).

Discussion
Principal Findings
PHE collaboratively developed an Evaluation Service with
digital developers, academics, and public health professionals
involved in the commissioning, design and development, and
evaluation of DHIs. Following an iterative UCD approach,
which was novel for PHE, the project team worked across and
synthesized each discipline’s areas of importance in relation to
evaluating DHIs. An in-depth collective understanding of how
biomedical and digital evaluation activities map to and can be
used during the design and development of a DHI resulted.
Testing with PHE’s Couch-to-5K app in-house digital team
demonstrated the desirability, viability, and feasibility of the
Evaluation Service and led to further investment by PHE.
The primary strength of the work was in PHE’s organizational
openness to UCD and service design methodologies that were,
at the time, not commonly used by the national body. Although
this sparked some cultural tensions, doing so led to knowledge
sharing between the external supplier and internal PHE project
team and stakeholders, facilitated the synthesis of biomedical
and digital evaluation approaches, and grew PHE’s
understanding of the benefits of user-centered approaches for
designing and evaluating DHIs. Through extensive user and
stakeholder engagement throughout the project, we demonstrated
to PHE senior leaders and other health system organizations
that design is your friend and there is a place for design
disciplines in public health.
As PHE adapted to the UCD project approach, the project team
unearthed tensions among participants such as discomfort with
the fast pace of the 2-week sprints, divergent expectations on
what was considered good enough evidence for justifying a user
need or concept, and hesitance to try new methods and work in
the open. Although some of the PHE stakeholders were initially
uncomfortable with the pace and roughness of concepts and
prototypes, they appreciated that the quick, iterative UCD
approach enabled more people to interact, provide feedback,
and contribute to the development of the Evaluation Service.
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The Evaluation Service was thereby informed by, and socialized
with, a wider range of professionals involved in DHI
development and evaluation. PHE’s senior stakeholders also
acquired substantial evidence of the user’s need for the
Evaluation Service before requesting further investment from
the organization.

Limitations
We identified three key limitations of this study. First, the
sample size in qualitative design research is often small
compared with traditional academic qualitative research. This
typical design research practice is based on the finding [30,31]
that speaking with a representative sample of 5 to 10 people at
a time is sufficient to uncover common challenges, understand
underlying causes, and inform decisions. In design research and
digital development, as outlined by the Government Digital
Service [32], the limitation of small sample size is usually
overcome by conducting iterative research and increasing the
number of users testing and feeding back on the service as it
progresses through the initial phases (discovery and alpha) to
later phases (beta and live). In this way, the team’s
understanding continues to grow as the sample size becomes
larger and more diverse with time. The sample size of
participants was increased in the later stages of this project;
however, this is not within the scope of this paper. Second,
PHE’s organizational remit and limited financial and human
resources resulted in the underutilization of concepts, with only
three of the final seven concepts (Table 4) prioritized for further
development by PHE. As shown in the scenario of use (Figure
3), the seven concepts complemented each other, and, through
the prioritization exercise, the potential of the scenario was not
fully tested. Third, substantial time and input were drawn down
from members of the working group and relevant PHE senior
leaders to upskill service design project team members in
evaluating DHIs and share tacit knowledge of evaluating DHIs.
This was a strength of the project, as the project team was able
to bring a fresh perspective to drawing insight from experts and
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users as they designed the Evaluation Service; however, the
personnel cost must be recognized.

Conclusions
The potential of DHIs to combine the reach of large-scale
population initiatives with the efficacy of individual treatments
is yet to be fully realized. It will continue to be unrealized if
how we evaluate and use evaluations to inform the iterative
design and development of DHIs do not use the perspectives
of both biomedical research and digital development. DHIs are
an interdisciplinary endeavor, bringing together clinical or
population health interventions, digital product development,
product and service design, and communication and health
promotion. Hence, the evaluation of DHIs is best informed by
interdisciplinary approaches to evaluation to understand both
the efficacy of a DHI and its usability and desirability, with
measures of success that reflect the different stakeholders
involved in the commissioning, design, and development of a
DHI and its end users [11].
We have outlined the work undertaken by PHE, a national body,
to ensure that DHIs contribute to the improvement of population
health and that taxpayers receive the most value (improvement
to public health) from investment in digital health. The project
is a worked example of using UCD, particularly service design,
methods to iteratively understand, synthesize, and embed needs
and evaluation approaches of both biomedical researchers and
digital product developers. Public health’s traditional approach
is complemented by the UCD approach, which in turn is made
safer and more robust through its interaction with public health.
The resultant Evaluation Service enables digital developers or
nonacademics to apply evaluation thinking and techniques
during the design, development, and implementation of their
DHI. By doing so, it demystifies evaluation, traditionally the
realm of academia, and harnesses people’s motivations to ensure
that their DHI is as good as it can be and improves end users’
health and well-being. PHE has subsequently built a digital
version of the Evaluation Service (named Evaluating Digital
Health Products), which is openly available on the web [33].
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Abstract
Background: Perioperative anxiety is a major burden to patients undergoing surgeries with general anesthesia.
Objective: This study investigated whether a virtual operating room tour (VORT) before surgery can be used to ameliorate
perioperative anxiety.
Methods: We employed a randomized parallel-group design with 2 study arms to compare VORT to the standard operation
preparation procedure. The study included 84 patients. A validated inventory (state-trait operation anxiety-state) was used to
assess perioperative state anxiety before (T1) and after (T2) surgery. In addition, trait operation anxiety was evaluated with an
additional validated inventory (state-trait operation anxiety-trait). Moreover, user ratings on the usefulness of VORT were assessed
with an evaluation questionnaire. Study arms were compared for perioperative state anxiety with two-tailed independent samples
t tests. Subjective ratings were correlated with STOA-Trait values to investigate possible associations between perioperative
anxiety with perceived usefulness.
Results: There were no significant differences in perioperative state anxiety between VORT and standard operation preparation
procedures before and after the surgery. Nonetheless, patients’ ratings of VORT overall were positive. The tour was perceived
as useful and, therefore, showed acceptance for VR use. These ratings were unrelated to the degree of perioperative anxiety.
Conclusions: The subjective benefit of VORT could not be explained by a reduction of perioperative anxiety. Instead, VORT
appears to serve the need for information and reduce uncertainty. In addition, VORT is perceived as beneficial regardless of the
age of the patients. Considering this effect and the manageable organizational and financial effort toward implementation, the
general use of VORT can be recommended.
Trial Registration: ClinicalTrials.gov NCT04579354; https://clinicaltrials.gov/ct2/show/NCT04579354
(J Med Internet Res 2021;23(9):e28018) doi:10.2196/28018
KEYWORDS
anesthesia; anxiety; exposure; operating theater; patient empowerment; periperative trait anxiety; STOA; STAI; virtual reality;
VR

Introduction
Fear and anxiety are very common in patients prior to surgery
with anesthesia. This perioperative anxiety can lead to additional
https://www.jmir.org/2021/9/e28018
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discomfort, increased pain sensation, and increased stress
symptoms [1,2]. It is a significant burden for patients and a
potential reason for decreased compliance.
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Virtual stimulus exposure is successful in exposure therapy for
the treatment of anxiety and tension [3]. Patients are not
confronted with real anxiety-inducing stimuli but with virtual
representations of them [3]. The effectiveness of virtual stimulus
exposure is well documented, especially for specific phobias
[4-8], where it is not inferior to in vivo exposition [4]. Therefore,
virtual stimulus exposure could also be suitable for minimizing
operation-associated fears.
However, much less is known about the application of virtual
reality (VR) exposure in reducing situational fear in people
without anxiety disorders. The potential of VR exposure to
reduce anxiety before surgery with general anesthesia has
recently been explored with respect to perioperative anxiety.
Ryu et al [9] applied a virtual operating room tour for 69
children 1 hour before surgery with general anesthesia, leading
to lower preoperative anxiety and stress levels and higher
compliance. However, data on the issue is sparse and
inconsistent, especially when evaluating adults.
This study aimed to evaluate the use of VR exposure via a
virtual operating room tour (VORT) on perioperative anxiety
in adult patients undergoing surgeries with general anesthesia.
Previous research has shown that perioperative anxiety exists
both as a state (ie, the acute emotional or cognitive reaction of
a patient before or after the operation) and as a trait (ie, the
patient’s disposition to be more or less fearful about operations)
[2]. We assumed that VORT reduced perioperative state anxiety
in patients before and after surgery with general anesthesia. In
addition to the exposure effect, information about anesthesia
and treatment can be conveyed using VR at low cost and effort,
thus strengthening individual health competence.

Methods
Ethics Approval
The study protocol was approved by the local Ethics Committee
(EK 039/20). The study was designed and conducted in
accordance with the latest version of the Declaration of Helsinki
[10]. Moreover, the study was registered by clinicaltrials.gov
on September 28, 2020 (NCT04579354).

Participants
All participants were patients of the Clinic for Anesthesiology,
RWTH Aachen University Hospital. The inclusion criteria
included age over 18 years, elective surgery with general
anesthesia, and a good knowledge of German. Exclusion criteria
included emergency surgery, thoracic surgery, neurosurgery,
and tumor surgery, as these can be associated with increased
anxiety or inability to provide consent. All participants signed
an informed consent form before participating in the study.

Sample Size Planning
Sample size planning was based on a meta-analysis by Carl [4]
on the effect of virtual exposure on anxiety. For comparisons
of VR exposure with participants on a waiting list that receive
treatment after the treatment groups, this study reported a mean
effect size (Hedges's g) of 0.9, analogous to Cohen's d. Sample
size planning using g multiplied by power for this effect size
resulted in a sample size of 68 patients (34 per group) for a
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two-sided null hypothesis test (t test for independent samples),
with a power of 0.95 and an α error probability of .05. To
compensate for an expected dropout of 10%-15%, we targeted
a total sample size of 80 patients (40 per group).

Study Design
The study employed a randomized parallel-group design to
compare VORT to the standard operation preparation procedure
(STOPP). We employed the state and trait anxiety scales from
the state-trait operation anxiety inventory (STOA) [2] as
outcome variables. STOA is a validated inventory with good
psychometric properties which assess operation-related trait
and state anxiety on separate scales. Trait anxiety (STOA-T, 20
items) is the relatively stable disposition of a person to be
anxious about surgeries, whereas state anxiety (STOA-S, 10
items) assesses acute fear reactions in situations shortly before
or after surgery on 2 dimensions (cognitive anxiety and affective
anxiety, 5 items each). Measuring a relatively stable trait,
STOA-T was rated only before the surgery, whereas STOA-S
was assessed before (T1) and after the surgery (T2). As an
additional outcome, we employed an in-house designed
questionnaire to assess the participants’ perception and
evaluation of VORT after surgery. The questionnaire assessed
different statements about VORT with 8 items on a 5-point
Likert scale from 1 (do not agree) to 5 (strongly agree).
Moreover, in 1 item, patients were asked to give VORT a school
grade (according to the German grade system) between 1
(excellent) and 6 (very poor).
Participants were randomly assigned to one of the study arms
(VORT vs STOPP) by a person not involved in data acquisition
using the following procedure: for all patients (N=80), we
created opaque assignment envelopes containing a folded paper
with a study arm assignment (VORT or STOPP), with a total
of 40 participants in each arm. The order of the envelopes was
randomized before the beginning of the study. The assignment
envelope for each patient was opened after these steps to avoid
any bias in providing study information to the patient or the
standardized explanatory interview. Thus, the assignment to
the study arms was double-blind (to the study nurse or
anesthetist and the patient) until after the standardized
explanatory anesthesia interview. The procedural steps of the
study can be described as follows:

Providing Study Information and Obtaining Informed
Consent
Information was provided in written form, and the study nurse
assisted the consent process by providing additional explanations
and answered questions. Patients were informed about the study
background, the study arms, and the content of the video. All
patients received a paper copy of the information sheet.
Informed consent was obtained in written form. This step was
identical for all patients in both study arms (VORT and STOPP).

Standardized Explanatory Anaesthesia Interview
The interview consisted of a detailed explanation by the
educating physician (anesthetist). A standardized information
sheet was further used to explain the procedure and the
anesthesia used, corresponding to the hospital's standard
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operating procedure, and it was identical for all patients in both
study arms (VORT and STOPP).
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2.

Unblinding of the Study Arm Assignment
Unblinding entailed opening the assignment envelope and
according assignment of the patient to one of the study arms.

Arm 1: Virtual Operation Room Tour (VORT)
Patients in this study arm subsequently watched a virtual tour
of the operation room using Oculus Go Standalone VR (product
number 301-00105-01; Facebook). The tour began with the
evening conversation between the patient and a nurse about the
approximate time of the operation and the desired sleeping
medication. The next scene showed the morning conversation
about premedication and drug administration. Furthermore, the
route through the hospital from the normal ward to the holding
area was illustrated. In the holding area, aspects of the
“safe-surgery saves lives” checklist, such as the operation side
(left or right), were simulated in the conversation between the
patient and a nurse. Finally, a scene from the operating room
was shown in which the actual preparations for anesthesia (ie,
breathing tube and intravenous access) up to the induction of
anesthesia were simulated.
The total duration of VORT was 6 minutes 28 seconds. VR
videos were recorded with an Insta360Pro 3D camera (Arashi
Vision Inc), with 4k resolution and an internal microphone. The
video can be found online [11]. VR videos were recorded from
a third-person perspective with a static camera mounted on a
tripod. Early in the study, we alternatively considered using a
video from a first-person perspective. The decision against the
latter was based on three observations: (1) 360° recordings led
to strange camera images when shot from the perspective of a
person lying in bed, (2) first-person perspective might evoke a
strange feeling of alienation (eg, in women), given the fact that
the male actor’s voice was still audible, and (3) several pilot
subjects reported simulation sickness when watching the
first-person perspective video.

Arm 2: Standard Operation Preparation Procedure
(STOPP)
Following the standard procedure of the hospital, patients in
this study arm underwent no additional preparation.

Questionnaires T1 (Before Operation)
Assessment of STOA-T and STOA-S (T1). This step was
identical for all patients in both study arms (VORT and STOPP).

Questionnaires T2 (After Operation)
The assessment of STOA-S (T2) for all patients was completed
in both study arms within 48 hours after surgery.
Simultaneously, patients in the VORT study arm completed the
evaluation questionnaire.

Research Hypothesis
1.

H1: VORT reduces perioperative state anxiety before the
surgery with general anesthesia compared to the standard
procedure.
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H2: VORT reduces perioperative state anxiety after the
surgery with general anesthesia compared to the standard
procedure.

Moreover, concerning the application of VORT, we were
interested in its overall patient evaluation. Also, we wanted to
explore the possibility of perceived usefulness, especially in
patients with higher trait anxiety, in other words, if the VORT
rating was associated with perioperative trait anxiety. Finally,
we wanted to evaluate whether the evaluation of VORT
depended on the patient’s age (eg, older patients’ limited
experience with VR). Therefore, we additionally investigated
the following explorative research questions:
1.
2.
3.
4.

ER1: How is the use of VORT prior to surgery evaluated
and accepted by patients?
ER2: Is there a possible relationship between the evaluation
of VORT and perioperative trait anxiety?
ER3: Is there a possible relationship between the evaluation
of VORT and patients’ age?
ER4: Does VORT influence anesthesia-related STOA
items?

Data Analysis
Data were analyzed with SPSS Statistics (version 25; IBM).
STOA-S sum scores for the two dimensions (cognitive and
affective anxiety) were compared between study arms with
two-tailed independent samples t tests separately for T1 (H1)
and T2 (H2). To quantify agreement to the Likert scale items
in the evaluation questionnaire (ER1), we calculated the median
of the responses. Furthermore, we recoded the responses to
disagreement (values 1 and 2), neutral (value 3), and agreement
(values 4 and 5) and descriptively quantified the percentage of
agreement. To evaluate a possible relationship between trait
operation anxiety and the evaluation of VORT (ER2), we
calculated Pearson correlations between the items from the
evaluation questionnaire and STOA-T values. Finally, we
calculated correlations between the items from the evaluation
questionnaire and the patients’ age. A threshold of an α error
probability of .05 (two-sided testing) was applied to all analyses.

Results
Overview
In total, 84 patients were included in the study. Dropouts (n=12;
14.3%) were in the expected range; however, since all dropouts
occurred during the enrolment of the first 62 patients, we
decided at this time point to create and randomize 20 additional
assignment envelopes. The primary reason for dropouts was
the early discharge of the patient. Other reasons included
postponed or additional surgeries and postoperative
complications. VORT-associated concerns or worries were not
reported; therefore, VORT did not contribute to participation
dropouts. One patient withdrew from study participation. Data
from the remaining 72 patients (mean age 54.19, SD 15.94, with
a range of 20 to 81 years), with 35 female and 37 male subjects,
was analyzed (VORT: n=35 vs STOPP: n=37). Due to single
missing data points, the numbers of included patients vary
slightly for the different analyses. Results of the study are
presented according to our hypotheses.
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H1: VORT Reduces Perioperative State Anxiety Before
the Surgery as Compared to the Standard Procedure
No significant differences in state anxiety emerged between
VORT and STOPP before surgery. This was the case for both
the affective (n=71; VORT: mean 10.49, SD 4.61 vs STOPP:
mean 10.83, SD 4.09; t69=–0.37; P=.74) and the cognitive
dimension (n=67; VORT: mean 10.88, SD 4.32 vs STOPP:
mean 10.70, SD 4.38; t65=–0.18; P=.86).

H2: VORT Reduces Perioperative State Anxiety After
the Surgery as Compared to the Standard Procedure
Similarly, no significant differences in state anxiety emerged
between VORT and STOPP after the surgery. This was the case
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both for the affective (n=68; VORT: mean 8.53, SD 4.95 vs
STOPP: mean 7.91, SD 3.26; t66=0.61; P=.55) and the cognitive
dimension (n=71; VORT: mean 9.11, SD 4.19 vs STOPP: mean
9.17, SD 4.00; t69=–0.05; P=.96).

ER1: How is the Use of VORT Prior To Surgery
Evaluated by Patients?
The median values of the responses and proportion agreement
to the statements are listed in Table 1. Altogether, the patients’
ratings of the VORT are positive. The results indicate that most
patients perceived the VORT as helpful for preparation and can
recommend it to other patients. A median school grade of 2
(corresponding to “good” in the German grade system)
corresponds well with these ratings.

Table 1. Evaluation of the virtual operation tour.
Item

Median rating (1=do not agree; 5=strongly agree)

Agreement to statement (%)

The virtual operation room tour helped me to prepare for
the surgery.

4

71.4

The information the operation room tour gave me was
helpful for my preparation.

4

61.8

I found it helpful for my preparation to see the surgical
environment before the surgery.

4

74.3

The virtual surgery tour calmed me down.

4

58.6

The virtual surgery tour was too detailed.

2

19.4

The virtual surgery tour was not detailed enough.

2

8.8

Should I be operated on again, I would like to do the virtual 4
surgery tour again.

54.3

I can recommend the virtual surgery tour to other patients.

91.4

4

ER2: Is There a Possible Relationship Between the
Evaluation of VORT and Perioperative Trait Anxiety?
There were no significant correlations between any of the items
from the evaluation of the VORT (Table 1) and STOA-T values
of the patients (all P>.19).

ER3: Is There a Possible Relationship Between the
Evaluation of VORT and Patients’ Age?
There were no significant correlations between any of the items
from the evaluation of the VORT (Table 1) and the age of the
patients (all P>.10).

ER4: Does VORT Have an Influence on
Anesthesia-Related STOA Items?
Comparing VORT and STOPP with a two-tailed independent
samples t test for all 7 items related to anesthesia treatment, the
difference was only found in favor of VORT slightly below the
predefined significance threshold (P=.047). Comparisons for
all other items were not significant, resulting in no evidence
that VORT addresses anesthesia-specific fear components.
Moreover, we calculated comparisons between men and women
for all single VORT rating items in two ways to assure that men
and women felt equally addressed by our video using a male
protagonist. First, we calculated independent samples t tests for
the Likert scale ratings. Second, we compared male and female
https://www.jmir.org/2021/9/e28018
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participants using Χ2 tests to assess possible sex-dependent
differences in the agreement to the statements (recoded ratings).
For the t tests, no significant sex differences emerged concerning
the ratings of VORT (all P>.17); for the Χ2 tests, we found one
significant difference for item 6 (“the virtual surgery tour was
not detailed enough”), with higher agreement among female
participants (21.4%) compared to males (0%). Moreover, we
compared male and female participants with respect to their
overall rating of VORT (school grade) in an independent
samples t test. Men and women did not differ in their school
grades (P=.25), with women tending towards better grades
(mean 1.86, SD 0.66) compared to men (mean 2.10, SD 0.54).

Discussion
VORT Effects
Although VORT did not affect perioperative anxiety, the tour
received good patient ratings and was perceived as helpful for
surgery preparation. Remarkably, the positive evaluation of the
virtual surgery tour was independent of the fear of surgery (ie,
the personality trait or trait anxiety). In other words, the
subjective benefit of VORT for the patients could not be
attributed to anxiety reduction. A possible explanation for this
finding may be the beneficial effect of preoperative education
and information. The assumption of uncertainty being a central
element in the emergence of hospitalization stress was first
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raised by Mishel [12] and later specifically adapted to operation
situations by Kagan and Bar-Tal [13], who reported that
preoperative uncertainty negatively affected mental and physical
recovery after surgery. This aligns with the findings of Moerman
et al [14], showing that more than 80% of surgical patients had
a positive attitude towards receiving information, with more
than half of them having high information requirements.
Receiving information about health care interventions positively
affects several aspects of patients’ mental and physical health,
such as recovery, pain levels, and psychological distress [15-17].
Thus, in our study, the positive ratings of VORT may be
attributed to reducing uncertainty and satisfying the need for
information. Similar to Moerman et al [14], we conclude that
surgical fear and need for information are related but
distinguishable factors and addressing either of them can reduce
patients’ distress. For future studies, physiological measures
such as heart rate, blood pressure, and skin conductivity may
be relevant indicators for assessing the arousal of the patients.
Including these physiological measures might help disentangle
physiological processes and their cognitive appraisal [18]. For
example, it seems conceivable that VORT evokes physiological
arousal due to the operation-associated settings and situations
but reduces subjective stress via cognitive control.
Surprisingly, VORT is perceived as beneficial irrespective of
the patient’s age, indicating 2 interesting aspects. First, the need
for information and the wish to reduce uncertainty seem
independent of the patient’s age. Second, the acceptance of
VORT was equally high among elder and younger patients.
Therefore, there is no evidence that experience with VR may
play any role in the evaluation or that elderly patients may feel
uncomfortable with the VR setup. Given the high number of
elderly patients undergoing surgeries with general anesthesia,
these findings favor the general use of VORT in preoperative
preparations.
Furthermore, there was no evidence that VORT addresses
anesthesia-specific fear components. Our experience shows us
that there are two patient groups: those who fear the anesthesia
and its consequences in isolation and those who are only afraid
of the procedure, the surgical part. As far as we know, no
questionnaire provides information on fear of anesthesia in
isolation.

VR and Perioperative Anxiety
There is mixed evidence concerning the potential of VR in
reducing perioperative anxiety. Some studies show no reduction
in anxiety [19-21] by interventions as in our study, and others
offer a detectable influence [22-26]. However, anxiety reduction
has been applied preoperatively with good results, especially
in children [9,26,27]. These inconsistencies may be partly
attributed to the use of different anxiety inventories. The
Spielberger State and Trait Anxiety Inventory (STAI) is
frequently used [28]. However, the suitability of the STAI has
been questioned for operation situations since it primarily
measures anxiety in assessment situations [2]. Accordingly,
more specific inventories have been developed, such as the
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STOA [2], the Amsterdam Perioperative Anxiety and
Information Scale [14], and the Yale Preoperative Anxiety Scale
[29], which was designed especially for children. The content
of the items, length of the questionnaire, and other aspects vary
considerably between these inventories, influencing study
outcomes. For instance, Krohne et al [2] demonstrated that trait
scores of STAI and STOA were correlated at r=.40, indicating
that both inventories reflected a common factor of general
anxiety but measured distinguishable facets of anxiety.
Therefore, when comparing studies on VR interventions for
perioperative anxiety, one must consider which inventories were
used.

Limitations
One possible limitation of our study is that all patients received
the VR tour after the “educating interview.” Regarding patient
compliance, it would be relevant to know whether there are
fewer canceled surgeries when patients receive a VR education
beforehand. Moreover, with the changed order, the VR tour
could prepare patients for the anesthesia interview, enabling the
patient to ask more detailed and specific questions. The second
important limitation concerns the limited generalizability of our
results to other types of anesthesia (eg, regional procedures).
This is relevant in terms of distinguishing separate aspects of
preoperative anxiety. Specifically, we assume that a distinction
between fear of anesthesia and fear of the operation procedure
by itself can be much more precise since several aspects of
general anesthesia are not provided here (eg, fear of not waking
up, lack of trust, or losing control while being unconscious).
Another limitation concerns whether the patients already had
previous surgery with general anesthesia. Our study did not
evaluate this aspect, and we cannot exclude the possibility it
played a role in the VORT assessment. However, after careful
consideration, we conclude that it is rather unlikely that prior
surgical experience with anesthesia affected the VORT
assessment. The probability of undergoing surgery increases
with life age, suggesting that there was most likely a substantial
correlation between life age and operations in the past in our
study sample as well [30]. Our data found no correlation
between life age and VORT ratings. We are aware the latter
cannot distinguish between people who have experienced an
operation and those who have not; however, we conclude that
there is at least no indication from our data that having
undergone an operation or not plays a role in the VORT rating.

Conclusion
VORT is beneficial for a patient’s preparation for surgery with
general anesthesia. Remarkably, this effect did not result in
reduced perioperative anxiety. Instead, VORT seems to serve
the need for information and to reduce uncertainty. Moreover,
it is both accepted and recommended by patients. Considering
the manageable organizational and financial effort and minimal
time required in its implementation and the amount of time
spent waiting in the perioperative outpatient clinic, the general
use of VORT can be recommended.
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Abstract
Background: Over the last 2 decades, virtual reality technologies (VRTs) have been proposed as a way to enhance and improve
smoking cessation therapy.
Objective: This systematic review aims to evaluate and summarize the current knowledge on the application of VRT in various
smoking cessation therapies, as well as to explore potential directions for future research and intervention development.
Methods: A literature review of smoking interventions using VRT was conducted.
Results: Not all intervention studies included an alternative therapy or a placebo condition against which the effectiveness of
the intervention could be benchmarked, or a follow-up measure to ensure that the effects were lasting. Virtual reality (VR) cue
exposure therapy was the most extensively studied intervention, but its effect on long-term smoking behavior was inconsistent.
Behavioral therapies such as a VR approach-avoidance task or gamified interventions were less common but reported positive
results. Notably, only 1 study combined Electronic Nicotine Delivery Devices with VRT.
Conclusions: The inclusion of a behavioral component, as is done in the VR approach-avoidance task and gamified interventions,
may be an interesting avenue for future research on smoking interventions. As Electronic Nicotine Delivery Devices are still the
subject of much controversy, their potential to support smoking cessation remains unclear. For future research, behavioral or
multicomponent interventions are promising avenues of exploration. Future studies should improve their validity by comparing
their intervention group with at least 1 alternative or placebo control group, as well as incorporating follow-up measures.
(J Med Internet Res 2021;23(9):e24307) doi:10.2196/24307
KEYWORDS
virtual reality technology; nicotine dependency; nicotine addiction; smoking addiction; smoking intervention; smoking therapy;
Electronic Nicotine Delivery Systems

Introduction
Background
Smoking addiction is a worldwide [1] and costly [2] problem.
Tobacco smoking has been linked to cardiovascular disease [3],
https://www.jmir.org/2021/9/e24307
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various types of cancer [4-6] and respiratory problems [7],
among other diseases, reducing the consumers’ quality of life
[8], and lowering life expectancy by up to 4 years [9].
Approximately 30% of all cancer deaths in high-income
countries are caused by cigarette smoking [10].
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The Diagnostic and Statistical Manual of Mental Disorders lists
nicotine dependency (rephrased as tobacco use disorder in a
more recent edition) as a psychological disorder [11]; 55% of
US smokers try to quit every year [12], but it has been estimated
that between 60% and 90% of them relapse within the first year
[12-14]. Smoking addiction has a strong psychological
component [15,16] in addition to physiological dependence.
Physiological craving may only take a few weeks to wane [17],
but the habit and psychological link between smoking,
socializing, relaxing, and rewarding are much harder to abandon
[16]. Thus, different therapies and interventions have been
developed to overcome this link.

Interventions and Therapies
Therapies and interventions are both care strategies, but their
main difference is the scope. Interventions usually aim to
motivate someone to commit to a specific action, such as a
teenager saying no when their peers offer a cigarette or a smoker
entering treatment. Therapies, on the other hand, address more
comprehensive goals, such as maintaining abstinence and
altering habits or attitudes. In practice, there is often no clear
distinction between the two and they can be thought of as lying
on a continuum rather than reflecting 2 dichotomous categories
[18].
Cue exposure therapy (CET) uses a classical conditioning
approach to unlearn a response (craving) to stimuli
(smoking-related items and situations). During the therapy
sessions, craving is elicited by exposing participants to
smoking-related cues such as cigarette packages and images of
situations in which the participant usually smoked. In daily life,
participants would relieve cravings through smoking, which
reinforces the craving response. During CET, typically no
nicotine reward is provided [19] (however, see the study by
Kotlyar et al [20] and De La Garza et al [21] that combines CET
with nicotine replacement therapy [NRT]). Once the craving
has receded, the participant is exposed to smoking cues again,
with the aim of repeating this procedure until the association
between smoking cues and reward is weakened and eventually
extinguished [19,22].
The approach-avoidance task (AAT) adopts an operant
conditioning approach. This task can be used to measure and
influence subconscious bias [23,24]. During the AAT,
participants have to either pull or push away a lever in response
to visual cues. People tend to be quicker to pull when presented
with cues that elicit a positive (approach) bias than when cues
have a neutral or negative association, whereas they are quicker
to push away (avoid) negative cues than positive or neutral ones
[23]. Thus, AAT can be used to measure existing subconscious
biases, as smokers will be quicker to pull when presented with
smoking-related cues than nonsmokers. In addition, AAT can
be used as an instrument to break or reverse subconscious biases
by instructing participants to respond to smoking cues with
avoidance behaviors (eg, pushing away) over a number of trials
or sessions until smoking cues are automatically associated with
avoidance and negative affect [24,25].
Cognitive behavioral therapy (CBT)–based interventions often
take a multicomponent approach: teaching smokers to recognize
the thought patterns they engage in before smoking and to
https://www.jmir.org/2021/9/e24307
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identify triggering factors in the environment. Smokers are then
trained in alternative strategies to cope with craving and
temptation [26].
NRT aims to reduce cravings and by extension smoking
behavior by replacing the source of nicotine [27]. It is an
accessible standalone intervention for smokers who do not have
the resources or motivation to commit to a more substantial
intervention but will not target the psychological component of
the smoking habit [27]. To this effect, NRT is often combined
with CBT [28,29].
One particular form of NRT includes the use of Electronic
Nicotine Delivery Systems (ENDS), more commonly known
as electronic cigarettes, e-cigarettes, or vapes. Invented at the
start of the 2000s, these devices heat a solution usually
containing nicotine and flavoring agents and deliver the vapor
(aerosol) to the user to be inhaled [30], although the amount of
nicotine varies and nonnicotine liquids are available as well
[31,32]. ENDS were originally introduced as a device to help
reduce the number of cigarettes smoked or even quit
(conventional) smoking altogether [30,33,34]. However, there
has been an ongoing debate in the scientific and medical
community on the health risks associated with ENDS [35,36]
as well as the potential of ENDS to form an introduction to
smoking for previous nonsmokers (the gateway hypothesis;
[37]). Recent meta-analyses suggest that although far from
harmless, ENDS may still pose a lower health risk than smoking
cigarettes [37,38] and that they may be more effective than NRT
for smoking cessation [39]. The question of whether this makes
ENDS an eligible form of NRT has yet to be resolved [40,41].
Virtual reality technologies (VRTs) have been recognized as
potentially helpful in increasing the effects of these and other
interventions. These technologies provide an immersive interface
that can be used to enhance (augmented reality [AR]) or even
replace (virtual reality [VR]) reality with computer-generated
simulations. AR is commonly used on a screen that combines
the display of the real world with some added virtual features;
a well-known example is the game Pokémon Go (Niantic Inc),
which displayed the camera view on screen but added virtual
Pokémon creatures to the scene, which the user could interact
with. In contrast, in VR apps, users often wear a VR headset
such as a stereoscopic head-mounted display that projects video
images in 3D. Although the focus in VR and AR generally lies
in visual simulation, the experience can be enhanced through
haptic, olfactory, and audio feedback.
There are multiple potential benefits of using the VRT. First,
training smokers to respond to a potentially tempting situation
will be more effective if the therapy can mimic those situations
more closely [42,43], and VR has been shown to create a
stronger feeling of being immersed than 2D images [44-46].
Second, VR offers a safe environment for coping skills [47].
Finally, it can be easily tailored to the specific needs of
individual smokers [22,42]. Therefore, over the last 15 years,
the potential of VR for smoking cessation therapy has been
extensively studied. Although AR has not yet been widely
embraced, it was still included in the current search strategy.
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This Research
In this paper, we systematically review and summarize the
findings from the literature on the adoption of VRT in smoking
cessation therapy.
This paper is centered around three main research questions:
•
•

•

Has VRT been used satisfactorily to elicit smoking
cravings?
What VRT interventions exist and how do they compare
with regular interventions in terms of smoking cessation
outcomes?
What are the potential future directions for VRT in smoking
cessation therapy?

The review will focus on the adult population (people aged ≥18
years) of smokers with no comorbidities. Randomized controlled
trials, controlled trials, single group pre- and posttest studies,
and case studies were all included, as well as protocols (to give
an indication of future directions of research), meta-analyses
(as those can detect effects with greater power than individual
studies), and reviews (for the reference list search and to refer
to as an overview for the interested reader). Intervention studies
were included if they incorporated VRT in their intervention
and measured either smoking cue reactivity or intervention
effectiveness. With regard to the data extracted, the comparators
were treatment, placebo, pre- and postcomparison, and waiting
list. The outcomes were craving or smoking urge, nicotine
dependence, number of cigarettes smoked, abstinence rates, and
quit rates.
Some systematic review papers have been published [48-52],
but their scopes only partially overlapped with that of this one;
for example, some systematic reviews included nonadult
subjects [50], focused exclusively on cue reactivity or CET
[48-50,52], limited themselves to head-mounted display VR
[51], studied a variety of addictions [48,50,51], or were simply
published over 5 years ago, thus missing more recent
publications [49,50]. This paper includes 15 papers that were
not covered by the previous reviews and thus expands on
previous findings by presenting a wider and updated overview
of the potential of VRT in smoking cessation.

Methods
Search Criteria
The PRISMA (Preferred Reporting Items for Systematic
Reviews and Meta-Analyses) guidelines for review [53] were
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followed for the current review. The database search strategy
was developed under the supervision of a trained subject
librarian. After deliberation with the librarian, 5 databases
(MEDLINE, Embase, Scopus, Cochrane, and EbscoHost) were
identified to be searched using the following search terms:
(Virtual reality, OR Augmented reality, OR Mixed Reality, OR
Augmented Virtuality) AND (smoking OR vaping OR tobacco
OR cigarette OR nicotine OR vape OR e-cigarette) AND
(craving OR crave OR withdrawal OR cue exposure OR cue
reactivity OR urge OR cessation OR desire). The reference lists
of selected papers were also scanned for other relevant papers.

Literature Selection
The search was completed in July 2020, resulting in a total of
299 papers: MEDLINE (n=51), Embase (n=51), Scopus (n=88),
Cochrane (n=52), and EbscoHost (n=57). After removing
duplicates, 137 papers remained. Three rounds of selection were
completed: exclusion based on title, exclusion based on the
abstract, and exclusion based on the entirety of the paper.
Inclusion and exclusion criteria were determined beforehand
[54], with the inclusion criteria being as follows: the paper had
to discuss the (potential) use of VRT for smoking cessation
treatment; the target population had to be adults, with no
pre-existing psychological or physiological conditions; only
tobacco smoking in the form of cigarettes, cigars, or pipe and
the vaping of nicotine were included (ie, no smoking of crack,
marijuana, or any other substance; smoking a nargile or bong;
or vaping of tetrahydrocannabinol S containing liquids). After
3 rounds of selection, 42 papers remained. Furthermore, 8 papers
that had been identified through the reference list search and
met the inclusion and exclusion criteria were added to this
selection, as well as 1 meta-review that was published after the
search but recommended by the paper reviewer, resulting in a
final set of 51 papers. However, because the 2 studies by
Pericot-Valverde et al [42,55] are based on the same data set
(Pericot-Valverde, personal communication, January 30, 2021),
we counted them as 1 study, reducing the total number to 50.
Paper selection and data extraction were completed by one of
the authors. Figure 1 shows a flowchart overview of the review
rounds (see Multimedia Appendix 1 [20,21,42-44,46,
48-52,55-95] for a list of the selected papers).
The timestamped literature selection plan, including search
terms and inclusion and exclusion criteria, can be found [54],
and the search terms, as well as the raw results from the
individual databases, can be found [96] as well as in the
Multimedia Appendix 1.
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Figure 1. Overview of the screening and paper selection process.

Results
Preliminary Analysis
A few general observations were made using the data set of
papers. Of the 51 selected papers, 26 (51%) introduced or tested
an intervention, 17 (33%) studied cue reactivity, 5 (10%) were
meta-reviews, and 3 (6%) were protocols for studies yet to be
conducted. In addition, 77% (22/26) of the intervention papers

described a multisession intervention, stretching out from 3 to
10 weekly sessions. Furthermore, 27% (6/22) of these
multisession interventions reported at least 1 follow-up measure,
ranging from 1 week to 12 months after the final session.
Follow-up measurements are a great asset to intervention studies
as initial effects might fade over time (for example, the results
in the study by Pericot-Valverde et al [42]). Figure 2 shows a
flowchart indicating the division of the papers.

Figure 2. Overview of included studies. Alt: alternative (interventions that are neither based on cue exposure therapy nor behavioral therapy); CET:
cue exposure therapy.
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In addition, 54% (14/26) of the interventions were compared
with an alternative therapy; however, only 15% (4/26) included
a placebo condition. Although not including an alternative
intervention or placebo condition does not invalidate the overall
findings of a study, it also does not provide any information on
the efficacy of one therapy over the other or indeed the efficacy
of one therapy over an optimistic mindset.
Furthermore, of the 42 papers examining the effect of an
intervention on smoking craving or behavior, 7 (17%) used
smokers unmotivated to quit as participants; the rest of the
papers was roughly equally divided between smokers motivated
to quit (17/42, 40%) and smokers with undisclosed motivation
to stop (18/42, 43%). All but 3 papers [44,56,57] used VR in
their interventions.

Has VRT Been Used Satisfactorily to Elicit Smoking
Cravings?
The prerequisite for VRT to have any (added) value in smoking
interventions is whether or not these techniques can reliably
induce craving through activation of smoking and
smoking-related associations. Once these cravings have been
elicited, any subsequent therapy can target the cravings.
Cravings in non-VRT settings are usually elicited by using
smoking-related paraphernalia [97], 2D images of cigarettes
and scenes with people smoking [19], and imaginary procedures
where participants are instructed to imagine themselves in a
(personalized) high-risk situation [98]. VR can create a more
immersive experience [44-46], which may add to the
effectiveness of the therapy, and being virtual, it theoretically
allows for tailoring specifically to the user’s needs [42,58].
A plethora of studies (n=17) set out to test whether VR could
induce nicotine craving and confirmed that craving can be
successfully induced in VR by exposing participants to
smoking-related cues [46,58-72] (see the study by
Pericot-Valverde [49] for a meta-analysis). Moreover, exposing
nonsmokers to VR smoking cues did not elicit cravings [46].
Furthermore, craving can be elicited using minimal cues. No
explicit mention of smoking is needed; simply presenting an
environment where cigarettes are usually handled (eg, a bar or
the checkout counter of a newspaper kiosk) or providing
smoking-related cues in the background (such as ashtrays) was
sufficient to elicit cravings. The addition of olfactory cues
[60,73] or branded cigarette packages [66,67] did not increase
the craving response. Ferrer-García et al [74] tested different
potential moderators of cue-induced craving and found that the
(sense of) presence in VR was positively linked to craving.
Whether VR-cue exposure (CE) elicits craving to a greater
extent than the more traditional methods has been less
extensively studied. Bordnick et al [70] found that a VR
environment elicited greater craving in participants than
exposure to a 2D image of the same environment. In contrast,
Karelitz [52] conducted a meta-analysis on different factors that
may influence cue reactivity and found that although VR cues
increased craving, they did not do so to a greater degree than
2D pictorial images or scripted imagery.
It is noteworthy that the number of years that participants had
been smoking correlated negatively with cue reactivity [52].
https://www.jmir.org/2021/9/e24307
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The majority (11/17, 65%) of the cue reactivity studies did not
report measuring the number of years smoking; of the 6 that
did, 5 did not use it as a control variable or to assess whether
the experimental groups were similar before commencing the
experiment, thus potentially allowing for bias. Related to this,
only 6 of the papers on cue reactivity reported participants’
intention to quit. However, CE supposedly elicits craving in
both types of cigarette smokers to an equal extent [62], so this
lacuna in the data may not be problematic.

What VRT Interventions Exist and How Do They
Compare to Regular Interventions in Terms of
Smoking Outcomes?
Overview
Different VRT adaptations of smoking interventions were found.
CET in VR (VR-CET) was the most frequently reported (n=16).
In addition, VR has been combined with different behavioral
interventions (eg, the AAT and gamified behavior training; n=7)
and antismoking campaigns (n=3). Figure 2 shows a flowchart
detailing the breakdown of the topics.

VR-CET Intervention
A total of 16 papers on VR-CET or a variation were included
in the review. VR-CET has been successful in reducing smoking
cravings over repeated exposures in most experiments
[42,58,60,64,68,70,75,76] experiments. One study in the selected
papers did not find a significant effect of VR-CET on long-term
cravings [77], but their sample size was rather limited at n=8.
The studies by Hone-Blanchet et al [50] and Segawa et al [51]
present a meta-review on the effectiveness of VR-CET on
craving and smoking behavior. A lower amount of smoking
behavior after VR-CET treatment compared with the
preintervention baseline was reported in the studies by Choi et
al [67] and Pericot-Valverde et al [75]. Choi et al [67] measured
a reduction from approximately 14 to 4 cigarettes per day based
on self-reports, which was substantiated by a significant
reduction in exhaled carbon monoxide (CO; 12.5 to 2.5 ppm).
Pericot-Valverde et al [75] reported a reduction from 18
cigarettes per day before the intervention to a little under 4
cigarettes per day after the intervention (CO change from 13.2
to 5.0 ppm).
Furthermore, 4 studies investigated the added value of VR-CET
to CBT [42,58,61,78]. Culbertson et al [58] compared craving
and smoking behaviors between a group of smokers who
received CBT and VR-CET and a group of smokers who
received CBT and a placebo-VR training. Participants in the
VR-CET group not only reported less craving and smoked less
after the treatment but also had a significantly higher dropout
rate. Thus, it is possible that the results could be biased, as only
the participants for whom the VR-CET treatment worked well
stayed in the program. Moreover, the intervention effects were
only measured directly after intervention.
In addition, 3 studies [42,61,78] did not add a placebo-VR
condition but instead compared the craving and smoking
behaviors of participants receiving CBT. In the study by Papini
et al [78], a group of smokers receiving VR-CET was compared
with a group receiving CBT; in the other studies [42,61], both
groups received CBT, but only 1 additionally received VR-CET
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[42,61]. No added value of VR-CET to CBT was found in either
of the 3 studies. Furthermore, similar data were found on
reduction in dependence and craving [61], abstinence rates at
the end of the treatment period [42,78], and decrease in the
mean number of cigarettes smoked [78]. In order to further
substantiate these findings, Pericot-Valverde et al [42] and Park
et al [78] used follow-up measures that confirmed no added
benefit of VR-CET to CBT. Relapse at 2 months
postintervention was similar between the groups (47% for CBT
and 53% for VR-CET) [78]. Pericot-Valverde et al [42] found
a significantly higher relapse rate at 12 months postintervention
for VR-CET compared with CBT alone (64.3% vs 37%).
Relapse rates between 60% and 90% have been reported in the
general literature for the first year of quitting. Thus, VR-CET
may only marginally improve the odds of smokers successfully
giving up their habits.
Three papers described a combination or adaptation of VR-CET
with other interventions. First, Kotlyar et al [20] combined
VR-CET with NRT by having a third of the participants
ingesting a nicotine lozenge before the VR-CET session, thereby
artificially reducing the body’s craving for nicotine; the other
two-thirds received either a placebo lozenge or none at all. They
found that VR-CET combined with both lozenges that contained
nicotine and the placebo lozenges reduced self-reported craving
compared with no lozenge.
Second, in a similar design, De La Garza et al [21] combined
VR-CET with ENDS, where the e-liquid contained different
doses of nicotine (0 mg, 8 mg, and 16 mg). Compared with
smoking a conventional cigarette, ENDS did not reduce elicited
cravings as much, even if they contained a high dose of nicotine.
However, the authors noted that the ENDS they used have been
known to deliver inferior amounts of nicotine, even with
high-nicotine liquids. Moreover, the study did not report whether
it controlled for previous ENDS use by the participants.
These results show an interesting pattern in combination with
the findings from Moon and Lee [77], who found that even as
brain areas associated with addiction and craving became less
active over time during VR-CET, participants still reported
feeling similar levels of craving. Overall, these studies further
underline that bodily craving and subjective feeling of craving
only partially overlap, and that nicotine addiction has a strong
psychological component as well that a therapeutic intervention
should seek to address. This intricate set of motivations for
smoking may partially explain why VR-CET as a smoking
cessation therapy has resulted in such mixed results. However,
more research on the effects of VR-CET in combination with
NRT is needed to confirm and nuance this hypothesis. It will
be interesting to see the results from one of the protocol papers,
which outlined a planned clinical trial that combined VR-CET
with NRT (eg, see the study by Papini et al [79]). This study
will have a larger number of participants (n=102 vs n=41 [20]
and n=7 [21]), and although it does not propose a multisession
VR-CET intervention or a follow-up measure, it will still be
interesting to see if the results from this intervention are in line
with previous findings.
In the third study [80], VR-CET was combined with mindfulness
training. Participants were taught mindfulness as a coping
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mechanism to regulate cravings after CE. Thus, the CET aspect
in this intervention moved away from pure extinction in favor
of a more cognitive response training component; however, as
the authors presented their work as an adaptation of VR-CET,
it is listed here as such [80]. This adaptation of VR-CET
obtained good results: significantly more (23%) of the
mindfulness VR-CET trained participants quit smoking at the
end of the intervention compared with the control group (5%),
who had received a smoking cessation manual for self-assisted
quitting. Furthermore, 3 months after intervention, this
significant difference remained, as the percentage of smokers
who quit had grown to 33% for the intervention group and
remained the same for the control group.
With regard to the entire group of papers on VR-CET, a little
over half (n=9) of the papers did not report on participants’
years of smoking. Of the 7 that did, 1 (14%) used it as a
covariate and 3 (43%) used it to ensure that the experimental
groups were similar. Given how smoking history may have
moderated the cue response [74], the 12 papers that did not
control for it may have been at risk of bias. About two-thirds
of the VR-CET studies (n=11) reported using participants who
were motivated to stop smoking; only 1 study targeted smokers
who were unmotivated to quit. Although this may not have been
problematic for eliciting craving [62], it is unknown whether
the motivation to quit affects response extinguishing.

Behavioral Interventions
A total of 7 VRT-based smoking interventions that relied on a
behavioral component were identified: 1 VR adaptation of the
AAT (VR-AAT), 4 papers on gamified behavioral training, and
2 on skill training.
The AAT can be used to measure and break and reverse
subconscious biases [23,24]. In a smoking intervention context,
this is done by instructing smokers to carry out an avoidance
behavior (eg, pushing or swatting away) when confronted with
smoking cues, thus reconditioning smoking cues to be associated
with avoidance rather than approaching behavior [24]. VR-AAT
is a relative newcomer in the list of VR smoking interventions.
The 2 papers (supposedly using the same sample, and therefore
counted as a single experiment in this review) were published
in 2019. As a result, the studies merely functioned as proof of
concept for a VR adaptation of the AAT. Indeed, VR-AAT was
found to be equally useful for measuring cognitive bias in
smokers as regular AAT, and smokers displayed a stronger
positive bias toward smoking cues than nonsmokers [81,82].
The 4 gamified interventions all appear to be inspired by the
AAT: participants kicked and slapped away cigarette-related
cues [56] and crushed cigarettes [83,84] or an alternative
cue/reaction element was incorporated [85].
In a study [56], participants completed 3 weekly sessions in VR
and reported on their smoking behavior a week after
intervention. No statistical testing of the data was reported;
hence, it is not clear if the results were statistically significant.
Participants in the studies by Girard et al [83,84] completed 4
weekly sessions in which they either crushed virtual cigarettes
or played a VR placebo game, in addition to smoking cessation
counseling. The game significantly reduced smoking behavior
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as measured directly after the intervention, both in terms of the
number of participants who quit and the number of cigarettes
smoked by the still-smoking participants [84]. Moreover, 6
months after the intervention, participants who had played the
VR crushing cigarette game reported significantly lower craving,
as well as smoking fewer cigarettes, whereas a greater number
had quit altogether [83]. In addition, fewer participants dropped
out from the gamified intervention, and the participants who
dropped out did so at a later stage in the program compared
with the placebo game [83]. Given that dropout rates in smoking
interventions can reach as high as 70% [99] and dropouts are
more likely to have higher nicotine dependence and be heavy
smokers, especially for early dropouts [99,100], lower dropout
rates are a major advantage.
The third gamified VR intervention consisted of 9 weekly
sessions [85]. The game is an adaptation of the game proposed
by Girard et al [83,84] and has been explicitly designed around
the psychological factors underlying motivation. It incorporates
elements from both self-determination theory and cue or reaction
therapy, thus combining operant (behavior) conditioning with
psychological coaching. Although the only data available is a
pilot sample (n=8) and no statistical tests have been performed
because of the small sample size, the initial results are
promising, with lower self-reported dependence as well as a
reduction in smoking behavior.
Although these interventions were not phrased as an AAT type
of intervention, their results suggest that avoidance behavior
training (whether it is pushing away or crushing) could be a
promising addition to smoking cessation therapy. What is
particularly interesting is the multicomponent approach of the
last intervention, which makes it similar to CBT. The behavioral
component in CBT, however, is more specific: participants get
taught a different response to situations in which they usually
give in and smoke, instead of training an automatic,
subconscious avoidance response. Although the gamified studies
[83,84] included a control group, an aspect that remains unclear
is whether VR, the gamification elements, or an interaction
between the two were the efficacious components of the
interventions.
The 2 VR skill training programs appear to be based more on
CBT than on AAT. Bordnick et al [86] combined a 10-week
VR coping skill training with NRT and compared this to a
standalone NRT intervention. During the VR training sessions,
participants were immersed in craving-inducing situations in
VR, while the therapist assisted them in identifying high-risk
triggers and training coping responses. The addition of VR
training reduced smoking rates to a greater degree than NRT
alone, both when measured directly after treatment and at the
6-month follow-up. However, similar to the gamified
interventions, whether VR was necessary (ie, if it was an
improvement over regular CBT) was not tested.
Pericot-Valverde et al [87] described a single case study that
used a different CBT-inspired VR intervention, Virtual Stop
Smoking therapy. This multicomponent intervention involves
self-monitoring, information sessions about smoking, stimulus
control procedures, strategies for relapse prevention,
problem-solving procedures, strategies to cope with withdrawal
https://www.jmir.org/2021/9/e24307

XSL• FO
RenderX

Keijsers et al
syndrome, physiological CO exhalation feedback, and VR
exposure, spread out over 6 weekly sessions. The participant
had successfully quit smoking by the end of the intervention,
but a replication with a larger sample as well as control
conditions will be needed before any recommendations can be
made.
Of the 7 behavioral interventions described, 2 [83,86] used mean
years of smoking as a randomization control variable; none of
the other studies reported on the statistic. It is unclear if this
factor has an influence on behavioral interventions as it does
on cue reactivity. Furthermore, none of the papers reported on
using a sample of smokers unmotivated to quit; about half (n=4)
used participants motivated to stop smoking.

Antismoking Campaigns
Finally, there is the use of VRT in information-based
antismoking campaigns that warn about the consequences of
smoking. VRT can create a deeper impression than 2D images
or movies [88], elicit a stronger negative response, and enhance
behavioral intentions to not smoke [44]. However, whether this
impact translated to an actual change in behavior was not tested.

Future Directions
Given the underwhelming results that were achieved by
VR-CET in terms of smoking cessation, future studies might
want to explore the potential of alternative interventions.
However, at present, the interest in VR-CET does not appear
to have waned yet, as shown by the number of recent studies
that attempt to obtain results by combining VR-CET with other
therapies, such as CBT [42,89] and NRT [20,79]. It is possible
that combining VR-CET with other interventions will result in
a more successful intervention, as multiple aspects of nicotine
addiction are addressed.
In contrast to VR-CET, interventions that used some form of
behavioral intervention showed promising results. More work
will be needed to solidify these findings, especially as a number
of the studies reported were merely intended as pilot studies or
proof of concept. One protocol study [43] laid out the design
for a VR-AAT study, which would be timely as thus far only
proof of concept has been reported for VR-AAT interventions.
The results from the gamified interventions are promising and
could lead to a lower attrition rate.
Possibly because of the ongoing controversy [38,40] surrounding
ENDS, few studies to date have explored the potential use of
ENDS in combination with VRT for smoking cessation therapy.
However, ENDS and VRT both aim to mimic real life and allow
for control over the surroundings as well as the amount of
nicotine ingested, which could make them an alternative for
therapy settings. De La Garza et al [21] reported a pilot study
on the combination of VR-CET and ENDS as a form of NRT.
The participants indicated that ENDS were not as satisfying as
the conventional cigarette, even if it contained equal amounts
of nicotine; at the same time, the placebo nicotine delivered in
the study by Kotlyar et al [20] reduced craving in the same way
as the actual nicotine treatment. These findings suggest that
craving is a subjective experience and can be tweaked by
participants’ beliefs of what relief they will feel. Capitalizing
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on this make-believe could be an interesting avenue for
ENDS-based NRT.

Discussion
Principal Findings
The use of VRT could offer an alternative for, or addition to,
smoking cessation interventions. VR can be used to recreate
triggering situations in a more life-like and persuasive way than
traditional methods. This may allow for the creation of an
experience where both the environment and the triggers
presented are tailored to the user’s circumstances, which may
further enhance the effectiveness of the intervention.
Although VR-CET has been the most extensively researched
of all interventions, the results have been mixed at best. VR CE
reliably elicited cravings, and most VR-CET interventions found
that by the end of the therapy, craving in response to
smoking-related cues was reduced. However, the effectiveness
of therapy above and beyond alternative interventions such as
CBT is debatable. These findings echo the conclusions from
earlier meta-reviews [48,50,51] and analysis [49]. This lack of
results is disappointing but may not be unpredictable as regular
CET has been shown to have very limited behavioral
effectiveness in battling addictions [22,101]. In fact, this lack
of results in conventional CET has been one of the larger
motivations for the adoption of VR; extinction of cue reactivity
has been shown to be highly context dependent [102], and it
has been suggested [46,61] that the discrepancy between the
controlled laboratory environment where people were
conditioned and the real-world situations where their therapy
was put to the test was too large. Introducing VR would
supposedly reduce these problems with generalization but still
does not yield a significant effect. This may be due to the quality
of the virtual environments, as they are far from photorealistic.
Addiction remains a multidimensional problem, and CET (in
VR or a more traditional setting) may target a component that
is too small to be effective as a standalone intervention.
Alternatively, the lack of results may be a consequence of the
quality of the virtual worlds. Since its introduction, VR has
improved greatly, but even as graphics and technology have
improved the environments (or at least the ones usually
developed for academic studies, ie, on a budget) are far from
photorealistic and rarely closely mimic the actual world of the
users. Future studies with current VRT may be able to create
more realistic and personalized virtual scenarios and thus
potentially obtain more reliable results.
Three other types of intervention with a behavioral component
emerged: AAT-based [79,80], gamified behavioral training
[56,83-85], and skill training [86,87]. The proof of concept has
been provided for VR-AAT [81,82], and the 2 immersive games
based on AAT demonstrated some success [56,83,84]. Similarly,
tentative initial findings suggest a potential for gamified
interventions that combine behavioral therapy with
psychological coaching [85]. Overall, the potential of gamified
interventions as an (effective) treatment program is further
enhanced through the addition of a gaming element.
Well-designed games lead the user to play out of intrinsic rather
than extrinsic motivation [103]; thus, designing an intervention
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in this format could elicit higher participant engagement, which
would, in turn, lead to better therapy compliance and lower
dropout rates than conventional interventions. Given the high
dropout rates of smoking cessation therapies [104,105] and the
importance of compliance in the effectiveness of an intervention
[105], these would be major advantages over conventional
(nongamified) therapies and interventions.
Only 1 paper was found that combined VR and ENDS in a
smoking intervention, possibly because of the ongoing
controversy surrounding ENDS [36,37]. Although no consensus
has been reached yet on whether the downsides of ENDS
outweigh the improvements over conventional cigarettes [38,39],
implementing ENDS in future interventions as an NRT
component may be explored more as a viable method for
smoking cessation.
A final factor that needs consideration in the discussion of
VR-based interventions is cost. With the gaming industry’s
growing interest in the technology [51], VR has become
increasingly accessible over the last few years, with a variety
of affordable systems and VR template environments readily
available. Nonetheless, developing VRT materials is far from
cheap, and the technology thus ought to have a considerable
benefit over conventional methods if it is to replace them.
Considering this drawback, AR may prove to be an easier and
more economical alternative, as it does not require an entire
world to be created from scratch but rather uses the existing one
as a template to be enhanced or altered.

Limitations
Overview
A few limitations must be noted when interpreting the outcomes
of this literature review. Some of these are the consequence of
the methodology and design of the papers and interventions
reviewed, and some are the result of the methodology of this
review itself. All of these are presented in the following section.

Limitations of the Reviewed Literature
The first limitation is related to the sample size and sample
population reported in the studies. Sample sizes varied widely
(between 8 and 102 or 541 for the meta-analysis). Large samples
reduce the chance of false negatives and increase the chance of
finding small effects [106]. In addition to the size of the sample,
not all studies differentiated between treatment-seeking and
nontreatment-seeking smokers, which may have been a relevant
background variable. Bordnick et al [62] indicated that this may
not be a problem for CE–induced craving, but there may still
be an effect of motivation to quit on other outcome measures.
The second limitation concerns the experimental design of the
studies. The lack of control for potentially confounding variables
such as motivation to quit or the number of years of smoking
addiction has been mentioned before. Many studies used a 1D
measure of effectiveness; for example, some of the VR-CET
studies only measured self-reported cravings. Assuming that a
therapy or an intervention is considered effective when it has
led to a reduction or even cessation of smoking behavior,
extrapolating a single-dimension measure to indicate the overall
effectiveness of a treatment introduces method bias [107].
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Ideally, studies should target more than one type of measure.
For example, adding physiological measures for stress (heart
rate and skin conductance), smoking behavior (CO exhaled),
behavioral measures such as the amount of time the participant
is willing to wait until the next cigarette, how much they would
be willing to spend on a cigarette, and actual smoking behavior
could be included.
Moreover, few studies included control groups, a blinded design,
or a follow-up measure. Together with multidimensional
measurements that target psychological as well as behavioral
responses, these are all methodological aspects fundamental to
fully assessing the potential of an intervention. However, these
were not implemented in the majority of the studies reviewed
in this paper. The lack of assessment of these aspects means
that the results obtained in these studies should be interpreted
and generalized with care.

Limitations of This Review
With regard to this literature review, publication bias [108,109]
most likely prevented some studies on VRT smoking
interventions from being included in this review. By searching
the Cochrane database, at least the study protocols could be
found as an indication of the experiments that never made it to
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publication. It is encouraging that of the 3 protocols that were
found with no publication of the results, only one [89] had set
out to finish their study before 2020 and could thus conceivably
have been published in time for this literature review. Although
there is no perfect measure, this can be taken as an indication
that publication bias may have been low.
In addition, the literature selection and data extraction were
performed by a single researcher, without a second independent
researcher confirming the results. Having these decisions
depending on 1 person may introduce bias.

Conclusions
The studies presented in this review suggest that VRT can be
considered a promising addition to smoking cessation therapies.
Although VR-CET by itself has not yielded consistent results,
tentative initial findings on behavioral interventions as well as
the combination of VR-CET with these interventions are
promising. Moreover, the potential of ENDS in combination
with VRT may offer an alternative for future research. More
rigorous testing, especially in terms of larger sample sizes, the
inclusion of control groups or placebo interventions, and
follow-up measures, is still needed.
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Abstract
Background: Apathy is a frequent and underrecognized neurological disorder symptom. Reduced goal-directed behavior caused
by apathy is associated with poor outcomes for older adults in residential aged care. Recommended nonpharmacological treatments
include person-centered therapy using information and communication technology. Virtual reality (VR) in the form of head-mounted
displays (HMDs) is a fully immersive technology that provides access to a wide range of freely available content. The use of VR
as a therapy tool has demonstrated promise in the treatment of posttraumatic stress disorder and anxiety. In addition, VR has been
used to improve conditions including depression, anxiety, cognitive function, and balance in older adults with memory deficits,
Alzheimer disease, and Parkinson disease. Research using VR for the symptoms of apathy in older adults living in residential
aged care facilities is limited.
Objective: This study aims to examine whether using HMDs as a tool for reminiscence therapy improves the symptoms of
apathy compared with using a laptop computer and physical items with older adults living in residential aged care.
Methods: In this multisite trial, 43 participants were allocated to one of three groups: reminiscence therapy intervention using
VR in the form of HMDs, reminiscence therapy using a laptop computer supplemented by physical items if required (active
control), and a usual care (passive control) group. The primary outcome was apathy, and the secondary outcomes included
cognition and depression. The side effects of using HMDs were also measured in the VR group.
Results: Mixed model analyses revealed no significant group interaction over time in outcomes between the VR and laptop
groups (estimate=−2.24, SE 1.89; t40=−1.18; P=.24). Pooled apathy scores in the two intervention groups compared with the
passive control group also revealed no significant group interaction over time (estimate=−0.26, SE 1.66; t40=−0.16; P=.88). There
were no significant secondary outcomes. Most participants in the VR group stated that they would prefer to watch content in VR
than on a flat screen (Χ22=11.2; P=.004), side effects from HMD use were negligible to minimal according to the Simulator
Sickness Questionnaire cutoff scores.
Conclusions: Although there were no significant results in outcome measures, this study found that participants engaged in the
research and enjoyed the process of reminiscing using both forms of technology. It was found that VR can be implemented in an
aged care setting with correct protocols in place. Providing residents in aged care with a choice of technology may assist in
increasing participation in activities. We cannot dismiss the importance of immediate effects while the therapy was in progress,
and this is an avenue for future research.
Trial
Registration:
Australian
New
Zealand
Clinical
Trials
Registry
ACTRN12619001510134;
https://www.anzctr.org.au/Trial/Registration/TrialReview.aspx?id=378564.
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Introduction

autobiographical memories through reminiscence also provides
the social function of sharing memories with other people [23].

Background

Autobiographical memories are an important aspect of the sense
of self [24], which can be impaired in those with apathy [25,26].
In aged care, the sharing of memories or life stories can
positively influence the sense of self for people with dementia
[27]. Therefore, reliving autobiographical memories may
translate into improvements in apathy. Although reminiscence
can be performed in a group or individually, it has been
recommended that individual approaches may provide increased
benefits [28]. An individual approach allows sessions to be
tailored specifically to a person by focusing on appropriate and
relevant memories depending on the person’s background.
Apathy can cause a lack of interest in participation in traditional
forms of activities or therapy and places the person at risk of
loneliness, a prevalent problem in aged care [29]. Therefore,
alternative solutions for treating apathy are required. Technology
provides easy access to content and assists in maintaining
engagement in therapy [15,30]. The use of immersive
technology may increase therapeutic outcomes.

Apathy
Apathy is a neurological disorder with a high prevalence found
in older adults living in residential aged care facilities [1,2].
Characterized as a lack of interest and diminished motivation
[3], the presence of apathy results in reduced goal-directed
behavior [4,5], which can result in withdrawal from activities.
In long-term residential aged care facilities, lower engagement
in activities and social interaction is associated with poorer
quality of life [6].
Prognostic features of apathy include accelerated cognitive
decline [7], and in aged care, apathy has been associated with
an increased risk of mortality [8]. Although apathy is not as
disruptive as other neuropsychiatric symptoms, including
aggression and agitation, it can be a predictor of caregiver
burden [9]. There is a lack of convincing evidence for
pharmacological interventions for apathy [10-12]. Therefore,
nonpharmacological
individualized
interventions
are
recommended [13,14].

Reminiscence Therapy
One such approach that can be individualized and tailored to a
person is reminiscence therapy [15]. Commonly used in
residential aged care facilities, reminiscence is a strength-based,
person-centered approach that is recommended for consideration
in clinical practice when caring for people with dementia [16].
The process of reminiscence involves recalling memories
through the experience and discussion of past events and is
commonly done with the assistance of familiar items [17]. The
focus is on early memories. Reminiscence approaches can be
classified into three types [18]. Simple reminiscence involves
recalling positive memories to increase positive feelings [19].
Life review aims to consolidate both positive and negative
previous life events into a meaningful life story, and finally,
life review therapy involves redefining the negative
interpretations of a person’s past [19]. It is possible that the
recall of both positive and negative memories may cause distress
[20,21]; however, no reported harm has been found in a review
examining reminiscence therapy [17]. In this study, a
semistructured simple reminiscence approach was used, focusing
on positive memories.
Positive outcomes of reminiscence found in people with
Alzheimer disease include improvements in cognition,
depression, and quality of life [22]. Results from a meta-analysis
have reported medium effects for depression (g=0.57, 95% CI
0.44 to 0.70) and small effects for overall mental health
symptoms (g=0.33, 95% CI 0.16 to 0.51) [18]. The retrieval of
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Virtual Reality
Technology can provide different levels of immersion, for
example, computers or tablets are described as nonimmersive,
and large screen televisions or projectors are semi-immersive
[31]. An example of highly immersive virtual reality (VR)
technology is the cave automatic virtual environment, where
the image is displayed on the walls, and in some cases, on the
floor and ceiling; however, this system is expensive, takes time
to set up, and requires a dedicated room [32]. Another example
of highly immersive VR technology is the head-mounted display
(HMD); modern HMDs consist of a monitor for each eye to
provide a stereoscopic image via a device worn on the head
[33]. Available applications for HMDs can be passive, for
example, providing a 360° view of a scenic virtual environment
that changes as the viewer turns their head [34]. Applications
can also allow users to pick up objects or physically move in a
virtual environment, providing an interactive experience [34].
The successful use of HMDs as a tool for interventions includes
exposure and distraction-based therapies [35,36]. Being a fully
immersive technology, VR using HMDs eliminates any
distractions and can increase the sense of presence, the
psychological feeling of being in the virtual environment [37].
A high sense of presence may increase the response to the virtual
environment [38]. For example, a study consisting of a sample
of young adults found that autobiographical memory improved
when content was viewed in VR using HMDs compared with
a flat screen monitor [39]. Similar results of improved memory
performance were found in participants who used HMDs
compared with a desktop display in a sample of participants
from a university campus and community [40]. Using HMDs
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may provide increased stimulation in the process of reliving
autobiographical memories in older clinical populations because
of the use of a fully immersive and realistic environment.
Whether this translates to improved outcomes for older adults
living in residential aged care is uncertain.
Two recent reviews have reported that VR HMD applications
demonstrated potential for rehabilitation in neurological
diseases, including dementia, Parkinson disease, multiple
sclerosis, and stroke, or of those with pain and memory deficits
[41,42]. Positive outcomes, ranging from small to large effects,
found in the review by Dermody et al [42], included improved
pain scores in community-dwelling older adults using VR games
(d=−1.54) [43], and improvements in long-term recall (d=0.70)
using VR memory training in aged care residents [44]. However,
no significant outcomes were reported in psychological health,
activities of daily living, depression, and social life in the studies
included in this review [43,45]. A recent study of 236 older
adults from community centers used familiar VR content to
stimulate memory. This study found significant increases in
positive affect scores (mean difference 2.09) and decreases in
negative affect scores (mean difference −1.99) [46]. There is
evidence that using VR with HMDs with older adults can be
successful [42]; however, there is a lack of comparison between
VR and flat screen technology to establish the differences and
advantages of using VR.
There is a paucity of evidence comparing nonimmersive or flat
screen technology with fully immersive technology (HMDs) in
a therapeutic context in clinical older populations. A
single-session study in aged care residents compared viewing
Google Maps Street View using a tablet and HMD [47]. This
study found that both forms of technology provided emotional
experiences for older adults. In addition, none of the 7
participants preferred using HMD over the tablet. However, an
exercise study in aged care residents reported an increase in
interest and enjoyment when using HMDs compared with when
watching a flat screen [48]. In another study, greater
improvements in physical well-being were seen in older adults
in an assisting living community when viewing content related
to their past, travel, and relaxation using VR as compared with
television [49].
Exposure to virtual environments can cause side effects or after
effects, including eyestrain, nausea, and headaches [50,51]. This
can have health and safety implications when using HMDs.
Therefore, there is a need to increase our understanding of the
side effects of HMD use in older adults and clinical populations
who are taking medication and have symptoms related to their
condition that may exacerbate any VR side effects.

Objectives
The primary aim of this study is to examine whether using
HMDs as a tool for reminiscence therapy improved outcomes
compared with using a laptop computer supplemented by
physical items if required (active control group). The primary
outcome was apathy. Secondary outcomes included cognition
and depression. Exploratory outcomes included loneliness and
quality of life. The side effects of using HMDs were also
examined in the VR group. We hypothesize the following: (1)
the VR group would have lower apathy scores than the active
https://www.jmir.org/2021/9/e29210
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control group using a laptop computer and physical items after
the intervention and (2) both the VR group and active control
combined would have lower apathy scores than the passive
control (usual care) group after the intervention.

Methods
Study Design
This was a multisite nonrandomized controlled trial. Data were
collected across 3 residential aged care facilities in Adelaide,
South Australia. Each site was allocated a group determined by
the aged care provider. Assessors conducting baseline and
follow-up measures were blinded to group allocation.
Participants in the intervention group were blinded to the
presence of other conditions. The study was performed between
December 2019 and February 2021. The CONSORT
(Consolidated Standards of Reporting Trials) 2010 statement
guidelines were followed [52]. A summary of the study methods
is provided below, and further details of the study methods are
available in the published study protocol [53].

Participants
Eligible participants were aged 65 years or older and included
only those with up to moderate impairment according to the
Psychogeriatric Assessment Scale [54] as assessed by the aged
care facility. Participants had to be English speaking and willing
to undertake follow-up assessments. Participants in the VR
group had to be able to tolerate wearing an HMD and have
vision that can be corrected using their eyeglasses. The eyeglass
frame also needed to fit the HMD. Participants were excluded
if their score on the Psychogeriatric Assessment Scale was
higher than 15 or if they had significant disorders, conditions,
or behaviors that would make assessment difficult. Those with
confusion or disorientation issues and who might become
distressed because of confusion regarding time and place were
also excluded. Participants who were interested and met the
eligibility criteria were provided written and verbal information
about the study. A dedicated research nurse employed by the
residential aged care facility or primary researcher obtained
informed consent. All participants were given the opportunity
to discuss their participation with family members or other
responsible persons close to the participant. Consent was
continually monitored during the research by asking participants
at the start and end of each session if they wanted to continue.
Ethics approval was obtained from the University of South
Australia Human Research Ethics Committee. We refer to the
published protocol for sample size calculation [53].

Materials
The terminology VR is an umbrella term that can refer to both
nonimmersive and immersive technologies [55]; for the purposes
of this study, VR will refer to immersive HMDs.

VR Software
YouTube VR (developed by Google LLC), a VR version of
YouTube, was used to view personalized videos in VR. Wander
(developed by Parkline Interactive), which uses data from
Google Street View, was used to view personalized places of
interest. The active control group used a laptop for viewing
J Med Internet Res 2021 | vol. 23 | iss. 9 | e29210 | p.1116
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content; therefore, Google Street View, YouTube, and the
internet in general were used to view content on the laptop.

VR Hardware
The Oculus Quest [56] HMD, a commercially available
stand-alone headset, was used for the VR group. This HMD
provides stereoscopic vision at a resolution of 1440 × 1600 per
eye with a 72 Hz refresh rate and provides access to the two
VR software applications used.

Primary Outcome: Apathy Evaluation Scale Clinician
Version
The Apathy Evaluation Scale (AES) clinician version, an
18-item scale, was used to measure apathy [3]. This scale also
consists of an interview with the participant before completion
to build rapport and gain an understanding of the participant.
Each item is recorded with responses ranging from not at all
characteristic, slightly characteristic, somewhat characteristic,
and a lot. Four items were self-evaluated, and the remaining 14
items were assessed by the researcher. Five items assessed by
the researcher need to be quantified, for example, a participant
is required to give three or more examples to meet the criteria
for a lot. Scores range from 18 to 72, with higher scores
indicating increased apathy. The clinician version of the AES
has a test-retest reliability of .88 and good internal consistency
(α=.90) [3].

Secondary Outcomes
Addenbrooke Cognitive Examination III
Addenbrooke Cognitive Examination III (ACE-III) was used
to assess cognitive ability [57]. ACE-III comprises subtests of
attention, memory, fluency, language, and visuospatial
functioning. Its maximum score is 100, with higher scores
indicating higher cognitive functioning. ACE-III reported good
internal consistency (α=.88) [58].

Geriatric Depression Scale Short Form
The Geriatric Depression Scale (GDS) was used to measure
depression [59]. This scale was developed for older populations
and is suitable for those with cognitive impairment and living
in long-term institutional environments [60]. The GDS has 15
items that a participant needs to respond to with a yes or no
answer. Scores range from 0 to 15. A score of >5 suggests
depression, whereas a score of ≥ 10 indicates depression. The
GDS has 92% sensitivity and 89% specificity when compared
with diagnostic criteria [60], and good internal consistency has
been demonstrated (α=.80) [61].

Exploratory Outcomes
The Quality of Life in Alzheimer Disease
Quality of life was measured using the Quality of Life in
Alzheimer Disease (QOL-AD) 13-item scale [62]. Responses
to items range from poor, fair, and good to excellent, with a
score ranging from 13 to 52. Higher scores indicate a higher
quality of life. Good internal consistency for the QOL-AD scale
has been reported (α=.82) [63].
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Three-Item Loneliness Scale
The Three-Item Loneliness Scale, a shortened version of the
Revised University of California, Los Angeles Loneliness Scale
[64], was used to assess the participants’ level of loneliness.
Three questions were rated on a three-point scale, with scores
ranging from 3 to 9. Responses range from hardly ever to some
of the time to often. Higher scores indicated higher levels of
loneliness. Acceptable internal consistency has been reported
for the Three-Item Loneliness Scale (α=.72) [64].

Simulator Sickness Questionnaire
The Simulator Sickness Questionnaire (SSQ) was used to
measure the side effects of HMD for the VR group [50]. The
SSQ comprises 16 items on a four-point scale, ranging from
none, slight, and moderate, to severe. The three subscales
measure symptoms related to nausea, oculomotor, and
disorientation. Higher scores indicate higher symptoms of
sickness. The SSQ is the most commonly used questionnaire
in VR research [65].

Staff Questionnaire
The Staff Questionnaire was developed by the primary
researcher to measure improvement or deterioration in
participants from the staff members’ point of view. Responses
were reported on a five-point scale ranging from not at all to
very much so. Domains measured included social involvement,
cognitive awareness, pain, activities of daily living, behavior,
and communication. The same domains were assessed for
improvement and deterioration. Higher scores on the
improvement questions meant more improvement, whereas
higher scores on the deterioration questions meant more
deterioration.

Session Record
To measure participant attendance and responses to the
reminiscence sessions, a Bender session record [66] was
completed for both the VR and active control groups after each
reminiscence session by the researchers delivering the
reminiscence content. This measure examined five subscales
including Attendance of session, Memory, Interaction,
Responsiveness, and Enjoyment. Each subscale was measured
on a four-point scale ranging from 0 to 3. In addition, for both
groups, participants were asked, “Would you like to do it
again?” In the VR group, participants were additionally asked,
“If given a choice, would you prefer to view content in VR or
on a flat screen?” This was compared with the participants’
previous experience of viewing television or large screen
displays.

Procedure
Recruitment
Participants were selected for recruitment by senior staff at the
residential aged care facility according to the inclusion and
exclusion criteria. Recruitment was undertaken by a dedicated
research nurse employed by the aged care facility or the lead
researcher. Participants who were interested in participating in
the VR group were given a demonstration of the HMD to ensure
that they could tolerate wearing it and could view images to a
J Med Internet Res 2021 | vol. 23 | iss. 9 | e29210 | p.1117
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satisfactory standard before consent. The study flowchart is
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shown in Figure 1.

Figure 1. Study flow chart of procedure. HMD: head-mounted display; VR: virtual reality.

Baseline
During the baseline session, the AES, ACE-III, GDS, QOL-AD
scale, and Three-Item Loneliness Scale were completed for all
three groups by trained research assistants (blinded to group
allocation). This process took approximately 60 minutes. For
both intervention groups, a qualitative interview was conducted
by a different trained researcher (unblinded to group allocation)
to establish topics for the reminiscence sessions after the
baseline measures were completed. This process took
approximately 60 minutes. Therefore, the baseline sessions for
the two intervention groups took approximately two hours. The
qualitative interview was semistructured and covered themes
throughout the lifespan of each participant. This included early
childhood memories, adolescence, young adulthood, older
adulthood, most recent memories, and musical memories. The
focus was on positive experiences using reminiscence therapy
guidelines [15,66].

Intervention
The VR and active control groups undertook three individual
reminiscence sessions that were completed within a period of
approximately 2 weeks at least 1 day apart. The reminiscence
component was timed for 20 minutes. Additional time was taken
to introduce and summarize the sessions. SSQ was completed
before and after reminiscence sessions 1 and 3 for the VR group,
adding approximately 10 minutes. Sessions were run by the
lead researcher or a trained research assistant who was not
involved in taking outcome measures. During the reminiscence
sessions, there was continual conversation between the
researcher and the participant regarding the content being
viewed. Participants in the active control group viewed the
reminiscence content on a laptop computer. The Oculus Quest
HMD was used in the VR group. During the VR reminiscence
experience, participants were seated in a swivel chair with arm
rests when possible. If they were unable to sit in a chair, they
remained in their bed; therefore, this was a passive VR
experience. Content relating to the participant’s background
gained from the reminiscence interview was viewed using 360°
videos from YouTube VR and street view content from the
Wander app. All interactions were performed by the researcher,
and sound was provided by the integrated speakers of the Oculus
Quest HMD. Participants were closely monitored and asked
about any symptoms or side effects of viewing content in the
HMD during the sessions. Content from the HMD was mirrored
onto a laptop computer to enable the researcher to select content
for the participant and view the content simultaneously. The
https://www.jmir.org/2021/9/e29210
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passive control group did not receive the intervention and
continued with their usual care during the 2 weeks.

Objective Measures
This study collected data on objective measures that will not
be reported here. Heart rate variability, galvanic skin response,
and speech measures were collected for both intervention groups
during the intervention sessions, and approximately 30 minutes
were added to the sessions. Activity was measured 48 hours
before baseline and 48 hours after follow-up for all three groups
[53].

Follow-up
For both intervention groups, follow-up measures were
completed the day after the final reminiscence session. The
average time between baseline and follow-up for participants
in all three groups was approximately 2 weeks plus 4 days for
the measuring of activity, as described above. For 2 participants
in the passive control group, restricted site access because of
COVID-19 increased the time between baseline and follow-up
sessions to almost 4 weeks. None of the participants were
restricted from participating in lifestyle activities offered by the
aged care facility during the research period. Lifestyle activities
were reduced because of COVID-19 restrictions.

Statistical Methods
Data were entered using Research Electronic Data Capture [67]
hosted by the University of South Australia. The analysis was
performed using Jamovi (version 1.6.15) [68]. The primary
outcome figure was created in R Studio (version 3.6.3) [69]
using open visualizations [70]. The primary outcomes at baseline
and follow-up were analyzed using linear mixed modeling with
Helmert contrasts. This consisted of fixed factors of group (VR,
active control, and passive control) and time (baseline and
follow-up), with the intercept of the participant as a random
factor. For comparisons of the two intervention groups with the
usual care group, Helmert contrasts were used where the
contrasts compared (1) combined intervention groups with the
usual care group and (2) the two interventions. Additional
analyses were performed by including only participants who
met the criteria for a diagnosis of apathy at baseline using a
cutoff score of 37.5 [3,71]. The influence of potential covariates,
including depression and cognition at baseline, was examined.
ACE-III, GDS, QOL-AD scale, and the Three-Item Loneliness
Scale were analyzed as per the primary outcome. Assumptions
of normality using the Shapiro-Wilk test found SSQ total and
subscale scores to significantly deviate from a normal
J Med Internet Res 2021 | vol. 23 | iss. 9 | e29210 | p.1118
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distribution; therefore, Wilcoxon signed-rank tests were
performed for all SSQ comparisons. Assumptions of normality
using the Shapiro-Wilk test found session record total and
subscale scores, except for memory, to significantly deviate
from a normal distribution; therefore, Mann-Whitney U tests
were performed for all session record comparisons. No
adjustments for multiple comparisons were made for all planned
analyses; therefore, significance was set at <.05. Effect sizes
for linear mixed modeling were calculated using partial η2
calculated from the t statistic and sample size with the following
cutoffs: small=0.01, medium=0.06, and large=0.14.

Results
Demographic and Baseline Scores
A total of 74 participants were identified and approached to
participate in the study, of whom 46 consented (Figure 2). In
total, 28 participants declined because they were not interested
in participating or for personal reasons. A total of 15 participants
were initially allocated to each of the three conditions; 3

Saredakis et al
participants withdrew from the study. One participant in the
VR group was admitted to the hospital after completion of the
baseline measures and was unable to continue upon their return.
A second participant in the active control withdrew after the
baseline measures, as they did not wish to continue. A final
participant in the passive control withdrew when follow-up
measures began, as they did not wish to continue. As this was
a per-protocol analysis, the participant in the VR group was
replaced with another participant; however, COVID-19
restrictions prevented the replacement of participants in the
other two conditions because of site access restrictions during
the research period.
The background characteristics and baseline results of the
outcome measures of participants who completed the study are
reported in Table 1. Using a cutoff score of 37.5 for the AES
[3,71], 65% (28/43) of participants met the criteria for a
diagnosis of apathy at baseline. Of the remaining participants,
7% (3/43) scored 37, 12% (5/43) scored between 33 and 36,
and 16% (7/43) scored between 22 and 28.

Figure 2. CONSORT (Consolidated Standards of Reporting Trials) flow diagram of study enrollment and analyses (modified for nonrandomized
study).
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Table 1. Participant demographic and clinical characteristics by study group at baseline (N=43).
Participant characteristics

Virtual reality
(n=15)

Active control
(n=14)

Passive control
(n=14)

Total (n=43)

Age (years), mean (SD; range)

81.7 (6.6; 72-93)

85.9 (8.1; 71-95)

87 (8.7; 73-103)

84.8 (8.0; 71-103)

Sex (female), n (%)

10 (67)

9 (64)

9 (64)

28 (65)

Years of education, mean (SD)

11.7 (3.1)

10.7 (2.6)

11.0 (4.6)

11.2 (3.4)

Married

3 (20)

2 (14)

5 (36)

10 (23)

Divorced or widowed

11 (73)

11 (79)

8 (57)

30 (70)

Single

1 (7)

1 (7)

1 (7)

3 (7)

5 (33)

3 (21)

8 (57)

16 (37)

Memory-related, dementia, or Parkinson disease

5 (33)

3 (21)

3 (21)

11 (26)

Heart disease

8 (53)

4 (29)

8 (57)

20 (47)

Stroke

2 (13)

2 (14)

2 (14)

6 (14)

Other

0 (0)

5 (36)

1 (7)

6 (14)

Apathy Evaluation Scale

35.3 (8.7)

41.8 (7.1)

44.3 (9.5)

40.3 (9.1)

Geriatric Depression Scale

4.1 (3.6)

3.5 (2.5)

4.4 (3.0)

4.0 (3.0)

ACE-IIIa

72.9 (17.7)

71.2 (13.7)

72.2 (13.6)

72.1 (14.9)

QOL-ADb

35.4 (5.8)

36.1 (5.2)

32.9 (6.0)

34.8 (5.7)

Three-Item Loneliness Scale

4.5 (1.5)

4.2 (1.4)

5.0 (2.5)

4.6 (1.9)

Marital status, n (%)

Depression and anxiety medication, n (%)
Primary diagnosis, n (%)

Outcome measures at baseline, mean (SD)

a

ACE-III: Addenbrooke Cognitive Examination III.

b

QOL-AD: Quality of Life in Alzheimer Disease.

group, with higher apathy scores in the passive control group.
For contrast 2 (VR group compared with active control), the
main effect of group was not significant (Table 2).

Primary Outcome
For contrast 1 (pooled VR and active control groups compared
with passive control), there was a significant main effect of
Table 2. Fixed effects parameter estimates for the Apathy Evaluation Scale.
Parameter

Estimate (SE; 95% CI)

t statistic (df)

P value

Partial η2

−0.54 (0.78; −2.06 to 0.98)

−0.69 (40)

.49

0.012

Main effect
Time
a

b

c

Contrast 1 : passive versus (active and VR )

5.60 (2.55; 0.61 to 10.59)

2.20 (40)

.03

0.108

Contrast 2d: active versus VR

5.33 (2.91; −0.36 to 11.03)

1.84 (40)

.07

0.078

Contrast 1: time×passive versus (active and VR)

−0.26 (1.66; −3.51 to 2.99)

−0.16 (40)

.88

0.001

Contrast 2: time×active versus VR

−2.24 (1.89; −5.95 to 1.47)

−1.18 (40)

.24

0.034

Interaction

a

Contrast 1 compares the pooled interventions (virtual reality and active control) with the passive control group.

b

VR: virtual reality.

c

Italics indicates significant values.

d

Contrast 2 compares both intervention groups (virtual reality and active control).

Contrast 1 (pooled VR and active control groups compared with
passive control) revealed that an intervention did not
significantly change AES scores from baseline to follow-up (ie,
the interaction between group and time was not significant).
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Contrast 2 (VR group compared with active control) was also
not significant (Table 2). The addition of covariates (cognition
and depression) did not change the statistical significance.

J Med Internet Res 2021 | vol. 23 | iss. 9 | e29210 | p.1120
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
When restricting the sample to the subgroup that met the AES
cutoff of 37.5, the same pattern of results was found (Table 3).
The sample size was reduced to 28 (7 in the VR group, 10 in
the active control group, and 11 in the passive control group).

Saredakis et al
Figure 3 presents the baseline and follow-up AES scores for
the participants in each group.

Table 3. Fixed effects parameter estimates for the Apathy Evaluation Scale for subgroup meeting the Apathy Evaluation Scale cutoff of 37.5 at baseline.
Estimate (SE; 95% CI)

t statistic (df)

P value

Partial η2

Time

−1.38 (1.01; −3.36 to 0.60)

−1.36 (25)

.19

0.069

Contrast 1a: passive versus (active and VRb)

5.12 (2.10; 1.01 to 9.23)

2.44 (25)

.02c

0.193

Contrast 2d: active versus VR

2.30 (2.65; −2.90 to 7.50)

0.87 (25)

.39

0.029

Contrast 1: time×passive versus (active and VR)

1.66 (2.04; −2.35 to 5.66)

0.81 (25)

.43

0.026

Contrast 2: time×active versus VR

−0.14 (2.58; −5.21 to 4.92)

−0.06 (25)

.96

<0.001

Parameter
Main effect

Interaction

a

Contrast 1 compares the pooled interventions (virtual reality and active control) with the passive control group.

b

VR: virtual reality.

c

Italics indicates significant values.

d

Contrast 2 compares both intervention groups (virtual reality and active control).

Figure 3. Baseline and follow-up apathy scores for each group with each line representing one participant. Boxplots and rainclouds indicate distribution
in baseline and follow-up scores.

Secondary Outcomes

Appendix 1 presents results restricting the sample to the
subgroup that met the AES cutoff of 37.5 at baseline.

No significant results were observed for the ACE-III and GDS
(Table S1 in Multimedia Appendix 1). Table S2 in Multimedia
https://www.jmir.org/2021/9/e29210
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Exploratory Outcomes
No significant results were observed for the QOL-AD scale and
the Three-Item Loneliness Scale (Table S1 in Multimedia
Appendix 1). Table S2 in Multimedia Appendix 1 presents
results restricting the sample to the subgroup that met the AES
cutoff of 37.5 at baseline.

statistically significant (Table 4). There were no dropouts
because of side effects from the HMD use. Two participants
reported back the after effects that occurred in the evening after
their first morning VR session. This included a headache in one
participant and a heavy-head feeling in another participant. The
after effects were short-lived and did not cause significant
discomfort.

SSQ Results
The average pre-VR SSQ scores and post-VR SSQ scores for
sessions 1 and 3 were compared. The results were not
Table 4. SSQa means and SDs with statistics and effect size.

a

SSQ

Pre-SSQ, mean (SD)

Post-SSQ, mean (SD)

Statistic

P value

d value

Total

4.86 (6.11)

5.49 (5.98)

6.50

.46

−0.38

Nausea

5.72 (7.90)

6.36 (10.30)

5.50

.68

−0.27

Oculomotor

5.56 (7.14)

7.83 (9.11)

4.50

.25

−0.57

Disorientation

5.10 (10.01)

5.57 (8.40)

3.50

.71

−0.30

SSQ: Simulator Sickness Questionnaire.

Staff Questionnaire
The Staff Questionnaire data were not included in the analysis.
This was because of missing data for 12 participants caused by
COVID-19 restrictions that did not allow follow-up with staff.
Therefore, this would have made the results unreliable.

Session Record
The sum of the three sessions was used; therefore, the scores
ranged from 0 to 9 for each subscale. The total score of the
combined subscales ranged from 0 to 45 for all three sessions.

Results comparing the VR group with active control for total
and subscale scores were not statistically significant (Table 5).
Results from the questions asked in the session record found
that 73% (11/15) of participants in the VR group preferred
viewing content in VR to a flat screen if given a choice, 7%
(1/15) stated that they preferred a flat screen to VR, and 20%
(3/15) were undecided. The proportion of participants who
responded a preference for VR was significant (Χ22=11.2;
P=.004). Participants in both the VR and active control groups
stated that they would like to do reminiscence again.

Table 5. Session record means and SDs for each group with statistics and effect size.
Session record

Virtual reality group, mean (SD) Active control, mean (SD)

Statistic

P value

d value

Total

36.40 (7.21)

38.86 (5.02)

84.0

.37

0.20

Attendance

7.93 (1.44)

8.14 (1.61)

94.5

.60

0.10

Memory

5.60 (2.90)

7.36 (2.06)

66.0

.09

0.37

Interaction

8.20 (1.26)

8.50 (0.76)

99.5

.80

0.05

Responsiveness

7.53 (1.85)

8.57 (1.09)

72.0

.08

0.31

Enjoyment

7.20 (1.42)

6.29 (1.33)

68.5

.10

0.35

Discussion
Summary
To the best of our knowledge, this is the first clinical trial to
compare the use of VR with flat screen technology for
reminiscence in an aged care setting with a usual care control
group. Well-established and validated measures were used, and
there was a 100% adherence rate once the intervention
commenced. It was also found that with correct procedures,
side effects of using HMDs can be minimized and that VR
technology can be implemented in an aged care setting.
Participants also enjoyed the process of reminiscing indicated
by the session record with all participants stating that they would
like to do reminiscence again.
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Content
It was found that the content for both intervention groups for
all three sessions could be sourced using readily available apps,
as per the feasibility study [72]. Common types of content the
participants viewed included their original family home, the
school they attended, places of employment, and travel
destinations. In many instances, it was possible to tour inside
buildings or places of interest and remote tourist destinations
because of the increased access available in both the Wander
app for the VR group and Google Street View for the active
control group. Both YouTube and YouTube VR also provided
access to travel destinations in addition to the music that the
participant had memories of.
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VR Group and Active Control Comparison
The results of this study are inconclusive, with no significant
differences found between the intervention groups. Median
scores for apathy decreased in the active control group and
remained the same in the VR group from baseline to follow-up
(Figure 3). Results from the session record for the VR group
indicated that there was a preference for viewing content in VR
than on a flat screen. In addition, a nonsignificant small effect
size was found for enjoyment with higher scores in the VR
group; however, similar small effect sizes with higher scores
in the active control group were reported for responsiveness
and memory. Anecdotally, there were more positive emotions
observed in participants in the VR group when participants
viewed familiar content compared with the active control group.
The enjoyment or preference for VR did not translate to
improved outcomes over flat screen technology. The findings
from our study are consistent with those of a previous study
[73] examining the use of VR by older adults with dementia,
where no significant changes were found in outcome measures;
however, VR did provide an engaging experience from the
perspective of both participants and caregivers.
The availability of content when using the apps in the VR group
(Wander and YouTube VR) was equivalent to that of the apps
used for the active control group (Google Street View and
YouTube); however, there were instances where the internet in
general was used for the active control group, increasing the
availability of content. In addition, in the active control, physical
items were used in some instances (photo albums) if the
participant requested this; however, the laptop was still always
used, and the physical items only supplemented the reminiscence
experience. This means that there were differences other than
the display technology between the two intervention groups.
In both YouTube VR and Wander, participants had 360° vision
by turning in the swivel chair and if the researcher used the
controller to turn in the virtual environment. The Wander app
provided increased movement backward and forward through
the environment navigated by the researcher while participants
remained stationary. The Oculus Quest HMD used in this study
is capable of six degrees of freedom (head and body movement).
As the participants were stationary and the apps used did not
use the full capabilities of movement in the virtual environment,
the participants were not provided with the optimum VR
experience. Interactive VR with software using six degrees of
freedom where the participant moves in the virtual environment
has been found to increase the sense of presence and positive
affect [34], which may not be an option for older adults in
residential aged care because of safety aspects, including
increased risk of falling. However, research using HMDs limited
to three degrees of freedom (head movement only) for pain and
posttraumatic stress disorder has reported positive outcomes
[36,74].
Although VR provides increased immersion and realism, the
interaction between the participant and researcher or therapist
can be compromised by the HMD. Improving outcomes related
to neuropsychiatric symptoms or quality of life may be
influenced by interactions with the researcher or therapist. For
example, reminiscence therapy traditionally involves attentive
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behaviors, including eye contact and body language [75].
Wearing the HMD during the interventions did not provide the
same level of personal interaction as in the active control group.
This may explain why VR in this study did not demonstrate the
same positive outcomes seen in VR research using exposure
and distraction-based therapies [35,36], where there is increased
focus on the content being viewed rather than interaction with
the therapist.
It is important not to discount the possibility that immediate
effects provide enjoyment and stimulation during an intervention
for participants that may not translate to longer-term measures
[76]. Positive results related to apathy and emotion reported in
previous studies using HMDs have been measured directly after
a VR experience [46,72,77]. What has not been reported in this
study is any immediate physiological effect when taking
measures directly after the VR experience and how this
compares with flat screen technology.

Effect of Reminiscence Therapy
There were no significant differences in outcomes from baseline
to follow-up between the pooled intervention and passive control
groups. These results contrast with the participant enthusiasm
and enjoyment during the intervention in both groups evidenced
by 100% participation once commencing, measured enjoyment
levels from the session record, wanting to participate in
reminiscence again, and anecdotal feedback from staff.
Consistent with the meta-analysis by Pinquart and Forstmeier
[18], a medium effect size was observed for depression, with
reduced depression in the intervention groups over time, but
this effect was not statistically significant (P=.09; partial
η2=0.069; Table S1 in Multimedia Appendix 1).
Compared with previous traditional reminiscence studies
including apathy as an outcome, our study did have a relatively
small dosage and was conducted over a short period [78,79],
which may have contributed to the lack of statistically significant
results. However, in an aged care setting, it may not be necessary
to see improvement but a reduction or stabilization in the rate
of decline of conditions, including apathy for the intervention
to benefit participants [80]. Entry into aged care facilities results
in accelerated cognitive decline compared with people living
in the community [81]. It is unknown whether the intervention
in this study was successful in altering the trajectory of decline
from apathy to more severe symptoms that would require a
longer intervention period. The number of sessions was selected
to increase the feasibility of the trial, reduce attrition bias in an
aged care context, and determine from immediate effects
reported from our feasibility study [72]. Dose-effect models do
have a nonlinear relationship [82], and previous studies have
seen improvements in three sessions using reminiscence to
improve agitation [83], verbal fluency and communication [84],
increased engagement [85], self-esteem and depression [86,87],
and anxiety [88]. As VR can provide increased stimulation
compared with traditional therapies, the dosage required is yet
to be established. There was also a significant difference
between the groups at baseline, which may have also contributed
to the lack of statistical differences.
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The pooled scores of the intervention groups on apathy were
significantly lower at baseline compared with those of the
passive control group and may have accounted for a lack of
treatment effect. Equality between groups is more likely to be
difficult to achieve in smaller samples [89], particularly if the
sample includes older adults [90]. In an aged care setting, this
is further complicated because of the focus on providing support
for people to age in their homes. This means that residents
entering aged care are now older, have complex needs, and are
taking multiple medications [91]. Although participants with
severe cognitive decline were excluded and covariates controlled
for baseline differences, there were day-to-day differences in a
participant’s condition commonly observed throughout the
research period. Despite the use of reliable and valid measures,
the selection of outcome measures is a challenging issue in
residential aged care [92], and they may not be sensitive to
changes in all residents at all times.

VR Side Effects
Results from SSQ revealed negligible to minimal side effects
according to the cutoff scores [93]. There were 40% (6/15) of
participants who reported symptoms before VR because of
existing conditions. Therefore, it is important to take measures
before exposure of this population to VR to accurately
understand and differentiate symptoms occurring during HMD
use. Two participants reported possible after effects in the VR
group. This occurred in the evening after a morning VR session
in 2 participants, one participant reported a headache and the
second had a heavy-head feeling. The symptoms were not
long-lasting and did not cause any significant discomfort. A
consideration for future research is to advise the participants
and staff that these symptoms may occur.

Limitations
Participants in this study were not classified as having apathy
at baseline according to the AES; therefore, there were
participants in the study who had relatively low scores at
baseline, leaving little room for improvement. However, this
was not supported by subgroup analysis. The approach of not
using a cutoff score to classify participants as having apathy
was taken because of positive changes seen in our feasibility
study [72] in participants with low apathy scores below
recommended cutoffs, and the high prevalence of apathy in
aged care.
The study included participants with different conditions who
were taking a range of medications, and the sample size was
relatively small; these factors affected generalizability and was
also a possible reason for the lack of significant differences in
outcome measures over time. In addition, only those interested
in reminiscing may have participated in the research in the
intervention groups. Participant selection for recruitment was
performed by staff at the aged care facility. This may have
resulted in selection bias within the sample. Although 3 separate
sites were used in this study, they were run by the same aged
care facility, therefore providing a similar quality of care and
within a 20-km radius of each other. To maximize comparability
between participants, a cutoff score on the Psychogeriatric
Assessment Scale was used; therefore, participants with severe
cognitive impairment were not included in the trial. Maximizing
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comparability further would have severely restricted recruitment
numbers and the feasibility of the trial. This was overcome by
including covariates at baseline in the final analyses, which did
not significantly affect the results. As participants with severe
cognitive impairment were excluded from this study, we cannot
make any assumptions as to whether using HMD is suitable for
this stage of cognitive impairment. A sensory approach to
reminiscence using physical objects or items, including pictures,
may be the best approach for those with severe cognitive
impairment [94].
The results of this study may have been affected by the global
pandemic. Additional hygiene measures introduced during the
research period included wearing masks. Many participants in
this age group and setting can have hearing problems, and
wearing a mask reduces the communication of facial expressions
and reduces the projection of a person’s voice and clarity. How
this influenced both outcome measures and intervention sessions
was not known. Apathy has been reported as one of the most
affected symptoms in patients with Alzheimer disease [95] and
increased caregiver burden in patients with neuropsychiatric
symptoms [96] during the pandemic. Participants also had
severely restricted visitations from family and friends at times
during the research period, which may have exacerbated the
symptoms and reduced the likelihood of statistically significant
outcomes of the intervention.

Conclusions
This study examined changes in apathy using VR. Although no
statistically significant difference was found between the VR
group and the active control group, we have demonstrated that
VR can be implemented in an aged care setting with correct
protocols in place and that residents in aged care enjoy the
process of reminiscing. The use of VR provides access to a wide
range of content that is always increasing, and aged care
facilities may be able to use VR in other contexts, for example,
in lifestyle activities for music or travel.
To facilitate implementation in residential aged care, potential
co-designers of VR activities could consist of key stakeholders,
including management of aged care facilities, staff who organize
and deliver activities, residents, and family or friends of
residents. Staff members who deliver activities in residential
aged care facilities would normally already have the necessary
skills for dealing with and engaging with people in residential
aged care. Clinician involvement in training in the use of HMDs
would assist in managing health and safety risks and providing
the best experience for both implementing it as an activity in
residential aged care and for optimum data collection in
research. This would include recommendations of HMD type,
monitoring of side effects, correct fitment and setup of HMDs,
and sourcing of content.
The success of using VR in exposure- and distraction-based
therapies may not transfer to therapeutic uses in an aged care
setting. However, the results from this trial are not definitive,
and longer-term research including more sessions is required.
Giving participants a choice between immersive and flat screen
technology can assist in increasing enjoyment and participation
rates in lifestyle activities, ultimately providing more engaged
residents for aged care facilities, particularly for those with
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apathy. Physiological measures for assessing immediate effects
and the use of actigraphy as an objective measure of apathy are

Saredakis et al
an avenue for further research that will be reported from this
study.
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Abstract
Background: The experience of undergoing magnetic resonance imaging (MRI) can be anxiety provoking, particularly for
pediatric patients and their families. Alternative methods to improve success and experiences without the use of sedation are
needed.
Objective: This study aims to compare the effectiveness of a virtual reality (VR)—based simulation app (VR-MRI) with a
standard preparatory manual (SPM) and a hospital-based Child Life Program (CLP) on success and anxiety during a simulated
pediatric MRI scan. Our secondary aim is to compare caregivers’ reported anxiety, procedural data, caregiver usability, child
satisfaction, and fun.
Methods: This unblinded, randomized, triple-arm clinical trial involved 92 children aged 4-13 years and their caregivers.
Recruitment was conducted through posters, public libraries, community centers, and social media. At a 2-hour session, participants
were instructed to prepare for a simulated MRI head scan using one of three randomly assigned preparation materials: the VR-MRI
app, SPM, or the CLP. Data were collected before preparation, during a simulated MRI head scan, and after the simulated scan.
The primary outcomes were the success of the simulated MRI scan (MoTrak head motion tracking system), and child-reported
anxiety (Venham picture test). We secondarily measured caregivers’ reported anxiety (short State-Trait Anxiety Inventory),
procedural data (minutes), usability (Usefulness, Satisfaction, and Ease of Use Questionnaire), and child-reported satisfaction
and fun (visual analog scales).
Results: A total of 84 participants were included in the final analysis (VR-MRI: 30/84, 36%; SPM: 24/84, 29%; and CLP:
30/84, 36%). There were no clinically significant differences between the groups in terms of success during the MRI simulation
(P=.27) or the children’s reported anxiety at any timepoint (timepoint 1, P=.99; timepoint 2, P=.008; timepoint 3, P=.10).
Caregivers reported being significantly more anxious after preparing with the manual than caregivers in the other 2 groups
(P<.001). Child and caregiver anxiety had a significant relationship, increasing together with moderate effect (r84=0.421; P<.001).
Participants using VR-MRI took the most time to prepare (P<.001) and participants using the manual took the least time (P<.001).
No statistically significant relationships were found between time preparing and time completing the simulated assessment
(P=.13). There were no differences found in ease of use (P=.99), ease of learning (P=.48), and usefulness (P=.11) between the
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groups; however, caregivers reported being significantly more satisfied with the VR-MRI app and CLP than SPM (P<.001).
Children reported the most satisfaction with the CLP (P<.001). There were no differences in how much fun the preparation
materials were perceived to be (P=.37).
Conclusions: Digital preparation experiences using VR-based media could be a viable solution to improve the success of
nonsedated MRI scans, with outcomes comparable with hospital-based in-person preparatory programs. Future research should
focus on validating the results in a real MRI setting.
Trial Registration: Clinicaltrials.gov NCT03931382; https://clinicaltrials.gov/ct2/show/NCT03931382
(J Med Internet Res 2021;23(9):e22942) doi:10.2196/22942
KEYWORDS
virtual reality; magnetic resonance imaging simulation; certified child life specialists; pediatrics; magnetic resonance imaging
procedures; alternatives to sedation; preparing children for MRI

Introduction
Background
Previous reports estimate that between 50% and 75% of pediatric
patients experience elevated anxiety and distress before a new
medical procedure, such as medical imaging [1,2]. Poor
management of this anxiety has an impact on patient experience
by causing undue psychological and physiological distress [1-4]
and movement during the procedure, which can significantly
reduce the diagnostic quality of medical imaging [5]. It also has
a ripple effect by causing additional logistical, operational, and
economic burdens on the health care system and patients [6,7].
Short-term consequences include pain or discomfort, anxiety,
crying, and poor cooperation during the procedure [1,8,9]. In
the long term, negative experiences can evolve into
posttraumatic stress syndrome, fear, changes in pain perception
and coping effectiveness, avoidance of medical care, and
phobias, causing difficulties during future medical experiences
[9,10]. These consequences can lead to additional resource
requirements, system impacts, and costs of care that are reported
to be 3.24-9.56 times higher for sedated patients than for those
who can complete the procedure unsedated [6]. Thus, it is
important to properly and effectively assess pediatric patients
before medical procedures and improve compliance with
appropriate preparation techniques whenever feasible.
At our institution, >4500 pediatric patients undergo magnetic
resonance imaging (MRI) each year, with approximately 45%
of patients requiring sedation. In the 2017 to 2018 fiscal year,
the waitlist for sedated MRI reached a significant point where
some patients were forecasted to endure a wait of >1 year for
their scheduled appointments. To address this, the hospital
launched a coordinated strategy that included increased
operational capacity for medical imaging and funding for clinical
and support services. Certified child life specialists (CCLSs),
trained to prepare patients and families for procedures, were
among these resources. CCLSs make targeted efforts to reduce
the need for procedural sedation through training and exposure
therapy techniques involving simulated procedures and
therapeutic play [11-14]. Workshops or programs delivered by
CCLSs have been implemented in >400 North American health
care settings [13] and are considered a key factor in enabling
some patients to undergo imaging without the use of sedation,
where it may have otherwise been indicated to address high
preprocedural anxiety [11,15].
https://www.jmir.org/2021/9/e22942
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The Child Life Program (CLP) at our hospital uses a replica of
an MRI unit to orientate and practice the process with patients
before the true imaging procedure. This method has been
documented in the literature by other investigators [15-17].
However, capacity limitations still exist, and there are
socioeconomic costs and logistical considerations of only having
these units available on-site at tertiary care facilities. To mitigate
this, our hospital offers physical materials such as preparatory
manuals and telephone and email consultations to orient patients
before the procedure. These methods have also been discussed
in the literature [12,14,18,19]; however, there is some conflicting
evidence regarding their efficacy [20].
Recently, virtual reality (VR), a computer-generated simulation
of a 3D environment that can be explored and interacted with
by the use of a head-mounted display (HMD), has emerged as
an effective solution for reducing anxiety in a variety of pediatric
psychological applications [21,22], including preprocedural
anxiety [23-32]. Although the use of VR in hospital settings is
promising, to our knowledge, only one study has compared it
with the CLP regarding anxiety [30]. We also found only one
small meta-analysis comparing different types of preparation
programs regarding objective image quality [33]. Of the studies
that have been conducted to evaluate VR in procedural
preparation thus far, most have focused primarily on
self-reporting and survey metrics [27,28,30]. There is a need
for rigorous randomized clinical trials using innovative methods
to establish the safety, feasibility, and efficacy of alternatives
to sedation in preparing pediatric patients for medical imaging
procedures before applying them in real pediatric clinical
settings [21,34-36].

Objectives
In this context, this study aimed to compare the effectiveness
of a custom-developed VR-based intervention with established
hospital alternatives in preparing children aged 4-13 years for
a simulated medical imaging procedure. We hypothesized that
a VR app (VR-MRI) based on experiential learning [37] and
social cognitive theory [38] would be effective in preparing
pediatric patients for a successful MRI experience, reducing
periprocedural anxieties and, thus, noncompliant behaviors
contributing to poor image quality or acquisition. We
secondarily hypothesize that:
•

VR-MRI would reduce caregiver anxiety;
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Children’s anxiety would be related to their caregiver’s
anxiety;
More time practicing would result in periprocedural
efficiency;
Caregivers would be satisfied with VR-MRI, and it would
be perceived as useful and easy to learn;
Children would be satisfied with VR-MRI, and it would be
perceived as fun to use.

curriculum focused on the same material included in the standard
preparatory manual (SPM) and CLP: developing rapport with
medical professionals, getting comfortable with the hospital
setting and medical equipment, assessing reactions to pictures
of a real MRI, discussing the upcoming medical procedure, and
getting comfortable with earplugs, headphones, loud noises,
restraints, the head coil, going into and remaining inside the
bore, and holding still.

Ultimately, we suggest that digital preparation apps using
immersive media, such as our VR-MRI solution, could improve
outcomes and patient experience by introducing standardized,
accessible, and independently repeatable opportunities for
experiential learning and preprocedural simulated practice.
Furthermore, we suggest that interventions such as this could
reduce costs and burden of health systems [7] through increased
efficiency and reduced need for pharmaceutical intervention or
anesthesia services to improve compliance during medical
imaging.

We used the agile development methodology to cycle through
user experience design, development, alpha testing, and beta
testing [40]. The content in our study was custom developed in
Unity (Unity Technologies version 2018.4.9f1) and displayed
on a Samsung S9 mobile phone that was used with a MERGE
VR headset (Merge Labs Inc). The headset was selected for its
balance of quality (eg, repeat use, compatibility with hygiene
solutions, and interpupillary adjustments designed for children)
and affordability, priced at Can $40 (US $32). The headset
requires a mobile phone to be inserted into an embedded front
panel that is viewable to the users. We used AirServer Connect
(App Dynamic ehf) to mirror the VR-MRI sequence in real time
on a tablet device for caregivers to watch in parallel.

•
•
•

Methods
VR-MRI Design
The VR-MRI media was custom-designed by the British
Columbia Children's Hospital Digital Lab. The development
process was informed by the literature [39], encompassing recent
design strategy recommendations for VR [34]. The development
of VR-MRI included iterative consultation and testing with a
multidisciplinary team of approximately 8 stakeholders,
including CCLSs, radiology technicians, child psychologists,
health system administrators, and the research team. The

VR-MRI App
Tutorial
A tutorial was designed to help the user learn how to interact
with the different elements presented in the virtual environment.
The tutorial included a dinosaur in outer space that taught the
user how to interact with the elements, see in 360°, and interact
with hotspots (referred to as teleportation devices). An image
of the tutorial is shown in Figure 1.

Figure 1. A screenshot of the virtual reality magnetic resonance imaging tutorial.

Tour Sequence
The tour sequence aimed to get the user comfortable at the
hospital, with the medical staff, and with the medical equipment.
For creating a sense of safety in the hospital, users were first
introduced to a radiologist and a peer in the reception area
(Figure 2). They led the user through an interactive guided tour
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of the hospital reception areas, the imaging room, and the steps
of a head scan. Each room can be passively explored by rotating
the head in 360°. To introduce some autonomy, we also
implemented interactive hotspots that needed to be activated
by the user to transition between rooms or sequences (Figure
3).
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Figure 2. A screenshot of the introduction to hospital staff and a peer in the reception area.

Figure 3. A screenshot of the interactive hotspots used to transition through rooms and sequences.

In the MRI room, the procedural steps of the head scan were
introduced. The MRI procedure involved wearing earplugs,
headphones, putting on the restraints (referred to as seatbelts),
putting on the head coil (referred to as a helmet), listening to
sounds (referred to as familiar sounds), and going into the bore
(referred to as the tunnel). If the user was distracted during the
introduction of important information, cued by not looking in
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the appropriate direction, the sequence would stall until the
user’s attention was refocused appropriately (Figure 4). To
improve the child’s ability to cope with the MRI sounds, which
are very loud and noisy, we introduced them as familiar sounds
using a narrative element while the sounds played. To further
build comfort with the loud noises, users were given the
opportunity to play with the sounds via buttons (Figure 5).
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Figure 4. A screenshot of the sequence focusing the user’s attention on the head coil.

Figure 5. A screenshot of narrative elements used to describe the magnetic resonance imaging sounds.

After the introduction to the procedure, the user was invited to
watch a peer successfully complete an MRI scan and then
invited to complete one themselves. At this point, the user could
choose to either watch the peer again or attempt it themselves
by selecting an interactive hotspot.

The Virtual MRI Experience and Real-time Feedback
Game

earplugs and putting on the headphones (Figure 6). Once the
safety equipment was put on, the user was instructed to lie down.
For safety purposes, the research assistant helped facilitate this
movement on a yoga mat. After the participant laid down, the
scene progressed to attaching the head coil (Figure 7). The
radiologist then placed them in the tunnel.

During the user’s virtual imaging experience (first-person view),
the radiologist prepared them for the scan by inserting the
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Figure 6. A screenshot of putting in earplugs during the user’s virtual imaging experience.

Figure 7. A screenshot of putting on the head coil during the user’s virtual imaging experience.

Once in the tunnel, a sequence began to engage the patient in
game-based activities to build capacity for self-regulation of
their movements during the scan. The user was invited to interact

with a dinosaur egg that offered real-time feedback on indicators
of movement (such as tilt, shake, rotation, or swing) measured
by the mobile phone’s gyroscope (Figure 8).

Figure 8. A screenshot of the real-time feedback during movement, measured using the mobile phone gyroscope.
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As a means of progression, the game has three levels that
become more challenging as feedback mechanisms are
eliminated, and presence in the bore is reintroduced through
sounds and visual cues (Figure 9). The time to complete each
game differs between participants, as success can only be

Stunden et al
achieved by staying still. After the third level was achieved,
users were invited to try again by staying still or exit the bore.
Once the system was prompted to exit, the user was removed
from the tunnel, and the experience was then noted as complete.

Figure 9. Screenshots of the levels where feedback mechanisms are eliminated and presence in the bore is reintroduced through sounds and visual
cues.
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Standard Preparatory Manual
The SPM group received the hospital’s SPM for nonsedated
MRI. The manual contains a series of photos showing the MRI
experience step-by-step and is intended to help children and
their families prepare for medical imaging (Multimedia
Appendix 1). Caregivers were instructed to use the manual to
prepare for an MRI as they would at home; however,
standardized preparation was not enforced as this would not
have been reflective of the environment. Materials (eg, chair
and MRI sounds) referenced in the manual for practicing were
provided.

Child Life Program
The CLP group received conventional care, where a CCLS was
introduced and prepared the participant with the hospital MRI
simulator. The curriculum focused on developing rapport with
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medical professionals, getting comfortable with the hospital
setting and medical equipment, assessing reactions to pictures
of a real MRI, discussing the upcoming medical procedure, and
getting comfortable with earplugs, headphones, loud noises,
restraints, the head coil, going into and remaining inside the
bore, and holding still. Preparation was not standardized as it
would not have been reflective of the current environment.
Individualization and adaptation are the tenets of CLP processes.

Principal Objectives
The primary objectives were to evaluate the effectiveness of
VR-MRI in preparing children for the MRI simulator experience
and reduce child-reported procedural anxiety compared with
conventional methods. As a secondary aim, we evaluated
caregivers’ reported anxiety, procedural data, parental usability,
and child-reported satisfaction with all the preparation materials.
Data were collected at 3 distinct timepoints (Figure 10).

Figure 10. Flow diagram for virtual reality magnetic resonance imaging study. MRI: magnetic resonance imaging; VR-MRI: virtual reality magnetic
resonance imaging.

Participants, Randomization, and Procedures
A nonblinded, triple-arm randomized clinical trial was
performed at a large provincial hospital in Vancouver (British
Columbia), between July 2019 and February 2020. Ethics
approval was granted by the University of British Columbia
https://www.jmir.org/2021/9/e22942
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Children’s & Women’s Research Ethics Board (#H19-00371),
and the study was prospectively registered at the US National
Library of Medicine (#NCT03931382).
The participants were aged 4-13 years. Participants were
excluded from the study if they had mental disability, current
concussion, significant visual or auditory impairment, inability
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to speak and understand English, history of seizures or epilepsy,
facial or head wounds, or inability to move their head in all
directions. All children provided assent, and caregivers or legal
guardians provided written consent. Participants received Can
$20 (US $16) and parking remuneration.

Stunden et al
Participants were recruited through posters at the hospital, public
libraries, community centers, and through social media. We
assigned participants in the ratio 1:1:1 to VR-MRI, CLP and
SPM and then tested for compliance during a simulated 6-minute
MRI scan of the head, designed to replicate an authentic
scanning environment (Figure 11). Blinding was not feasible.

Figure 11. The magnetic resonance imaging simulation room.

Outcome Measurements
Primary Outcomes
The primary outcomes were success in the MRI simulation
experience and child anxiety.

Success in the MRI Simulation Experience
Movement in the MRI simulation was captured by fitting
participants with a motion sensor headband (MoTrak System
1.0, Psychology Software Tools Inc). The sensor system is
susceptible to movements of the muscles of facial expression,
and has been proposed as one of the most accurate ways to
measure the movement of pediatric patients in the absence of
estimates from actual MRI [41,42]. Head movement was
collected at 8 samples per second, yielding approximately 3300
data points per axis per participant. The threshold for a
successful MRI, as defined by the department of radiology, is
approximately 3-4 mm. Consequently, if at any point during
the scan the participant moved >4 mm of cumulative
displacement, it was noted as a fail.

Child Anxiety
Child anxiety was measured with the Venham picture test (VPT;
score 0-8) [43]. The VPT has been validated with children for
assessing situational anxiety during medical procedures [44]
and has a moderately high retest reliability of 0.70 and a high
degree of internal consistency with a coefficient α of .838 [43].
Children completed the assessment at three timepoints (before
preparing [T1], after preparing and upon entering the simulation
room for their 6-minute scan [T2], and after the assessment
[T3]). The level of the patient’s anxiety was classified as
anxiety-free (score 0), low anxiety (scores 1-3), middle anxiety
(scores 4-6), and high anxiety (scores 7-8).
https://www.jmir.org/2021/9/e22942
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Secondary Outcomes
The secondary outcomes included caregiver anxiety, procedural
data, parental usability, child satisfaction, and fun. We also
administered a baseline survey to collect information about
demographics and clinical characteristics predicted to influence
or confound outcomes, such as previous experience with medical
imaging.

Caregiver Anxiety
Caregiver anxiety was measured with the short State-Trait
Anxiety Inventory (STAI; score 6-24), a 6-item, adapted version
of the well-validated Spielberger STAI Scale [45]. This measure
has a moderately high retest reliability ranging from 0.65-0.75
and a high degree of internal consistency with a coefficient α
of .86-.95 [45]. Parents or caregivers were asked to complete
the assessment on a tablet at the same time as children (before
preparing [T1], after preparing and upon entering the simulation
room for their child’s 6-minute scan [T2], and after the
assessment [T3]).

Procedural Data
Procedural data included preparation and assessment times. In
accordance with the experiential learning theory [37], we
postulated that children who prepared for longer would have a
more efficient assessment. Side effects during preparation (eg,
nausea and headaches), dropouts, and noncompliance were also
recorded.
The preparation time started when the study staff finished
describing the preparation program, and the researcher indicated
that it was time to begin the active preparation. The preparation
time was stopped upon indication that the participant felt ready
to take the assessment. A maximum preparation time of 45
minutes was allowed. This time frame was selected as it was
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the allotted appointment time provided by our hospital CLP to
prepare patients and their families for medical imaging
procedures.
The assessment time was defined as the time spent in the
simulated MRI room until the participant was discharged from
the simulation experience, either as successful or noncompliant.
A maximum assessment time of 20 minutes was allowed. The
time spent transitioning between activities or breaks required
for reasons unrelated to the study was not accounted as time.

Caregiver Usability
The caregivers of our participants were prompted to provide
usability feedback on the preparation materials at the end of the
study. Caregivers were asked to complete the USE (Usefulness,
Satisfaction, and Ease of Use) Questionnaire administered at
the end of the study activities on a tablet. The USE
Questionnaire is a 7-point Likert rating scale and is a validated
and reliable measure for assessing the subjective usability of a
product or service [46]. We limited our testing to the strongest
factors of the survey [47].
In addition to this, we asked caregivers if they would be
comfortable with their child using the preparation programs and
if they had any recommendations for improvement.

Child Satisfaction and Fun
For measuring child satisfaction, participants were asked to
indicate how satisfied they were with the preparation program
by pointing to a visual analog scale ranging from 0 (terrible) to
100 (fantastic). After this, we asked the children if they would
recommend the preparation to a friend who needed an MRI and
if there was anything that would make their experience better.
Fun was measured using the Smilyometer Likert Scale, a part
of the Fun Toolkit [48]. We selected this as a surrogate measure
to inform potential adherence and uptake in the real world,
assuming that fun would influence use. The Smileyometer was
used before and after the children interacted with a preparation
program. The rationale for using it before is that it can measure
their expectations and for using it afterward is that it is assumed
that the child is reporting experienced fun. It has been widely
adopted in testing technologies with children to measure
satisfaction and fun as it requires no writing [48-52]. After
allocation to a preparatory program, children were asked how
good they thought the preparation would be by pointing to the
Smilyometer Likert Scale to indicate their expectation of using
the intervention. After using the preparation and completing
the assessment (timepoint 3 [T3]), the children were again asked
how good they thought the preparation actually was using the
same Smileyometer Likert scale.
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Data Analysis
Power Calculation
A priori power analysis was performed using G*Power 3 [53].
Assuming a small-to-moderate effect size (Cohen ƒ=0.20) with
90% power and the probability of a type 1 error of 0.1, a total
sample size of 69 was needed (23 in each group).

Statistical Analysis
Statistical analysis was performed using SPSS (version 22, IBM
Corp). Continuous variables were expressed as mean (95% CI)
and ordinal variables as median (IQR). Categorical variables
were expressed as percentages. Normality conditions were
checked for all variables to apply a proper test of significance.
Many of the outcome variables were ordinal in nature and were
measured in scores. A chi-square test was used to test the
independence of association between categorical variables.
Analysis of variance (ANOVA; for normal distribution) or the
Kruskal–Wallis test (for nonparametric distribution) was applied
for 1-way analysis to compare the average scores of the three
interventions among the three timepoints. Post hoc Bonferroni
analysis was applied to statistically significant findings to
confirm the differences between the groups. If the equal variance
assumption was not met during the ANOVA process, pairwise
comparisons were based on the statistics of Dunnett T3 [54].
To test for relationships between 2 continuous variables, we
used the bivariate Pearson correlation. In the case of missing
values, a single value was filled for each missing value by
averaging the collected scores for each participant.

Results
Demographic and Clinical Characteristics
A total of 92 participants were recruited during the study period;
1 did not consent, and 1 participant did not show up for the
appointment. One participant who provided consent initially
later withdrew. A total of 89 participants were enrolled. Of the
consenting participants, 5% (5/92) were excluded because of
equipment malfunction. The remaining 84 participants were
included in the analysis (VR-MRI: 30/84, 36%; SPM: 24/84,
29%; CLP: 30/84, 36%).
The demographic and clinical characteristics of the patients are
shown in Table 1. Most participants were male (51/84 61%)
and had no history of MRI (77/84, 92%) or simulator experience
(81/84, 96%). Approximately half the participants (43/84, 51%)
had experience with other medical imaging procedures, and
many had used VR before participating in the study (70/84,
83%). Chi-square tests were conducted for demographic
variables and ANOVA for continuous variables. No significant
differences in demographic variables were found among the
groups (Table 1).
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Table 1. Demographics and clinical characteristics of participants (N=84).
Characteristics

Total population (n=84)

VR-MRIa (n=30)

Standard preparatory
manual (n=24)

Child Life Program
(n=30)

P value

Age (years), mean (SD)

9.1 (2.7)

9.3 (2.6)

8.9 (2.8)

9.2 (2.7)

.51

Males, n (%)

51 (61)

18 (60)

13 (54)

20 (67)

.64

7 (8)

3 (10)

3 (12)

1 (3)

.44

Any other medical imag- 43 (51)
ing

13 (43)

12 (50)

15 (50)

.84

Magnetic resonance
imaging simulator

3 (4)

2 (7)

—b

1 (3)

.42

Virtual reality

70 (83)

24 (80)

18 (75)

25 (83)

.75

History with, n (%)
Magnetic resonance
imaging

a

VR-MRI: virtual reality magnetic resonance imaging.

b

Not available.

Success in the MRI Simulation Experience
Success was indicated if participants were able to complete a
6-minute head scan without surpassing 4 mm of movement at
any of the 3300 data points collected. The average number of
times participants scored above the threshold for the 3300 data
points was not statistically significant between the groups
(χ22=2.7; P=.07). Similarly, no statistically significant
differences were found when calculating success in the
simulated MRI experience among VR-MRI, SPM, and CLP
(χ22=2.6; P=.27). On average, 30% (95% CI 13%-47%)
participants in the VR-MRI group were successful, compared
to 50% (95% CI 28%-72%) in the SPM group and 47% (95%
CI 28%-66%) in the CLP group. Of the participants who failed,
8 (VR-MRI: 2/8, 25%; SPM: 3/8, 37%; CLS: 2/8, 25%) were
noncompliant by declining to complete some or all of the
requirements of the scan, automatically failing their assessment.
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Child Anxiety
VPT was used to determine how anxious children were before
preparing (timepoint 1 [T1]), after preparing and upon entering
the MRI simulation room (timepoint 2 [T2]), and after
completing the assessment [T3]). Participants reported that
anxiety remained relatively stable, with no clinically significant
differences between the groups at any timepoint (Figure 12; T1,
P=.99; T2, P=.008; T3, P=.10). On average, children in the
VR-MRI group reported being anxiety-free before preparation
(median 0, IQR 1; SD 1.311), after preparation (median 0, IQR
1; SD 0.819), and after the assessment (median 0, IQR 1; SD
0.434). Children in the SPM group reported being anxiety-free
before preparation (median 0, IQR 1; SD 1.521), having low
anxiety after preparation (median 1, IQR 2; SD 2.311), and
being anxiety-free again after the assessment (median 0, IQR
1; SD 1.738). Finally, children in the CLP group reported being
anxiety-free before preparation (median 0, IQR 0; SD 1.240),
after preparation (median 0, IQR 0; SD 1.350), and after the
assessment (median 0, IQR 0; SD 0.468).
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Figure 12. Comparison of self-reported child anxiety across groups and timepoints, measured by the Venham picture test (the circles denote outliers
and the asterisks denote extreme outliers). No clinically significant results were indicated (timepoint 1, P=.99; timepoint 2, P=.008; timepoint 3, P=.10).
MRI: magnetic resonance imaging; VR-MRI: virtual reality magnetic resonance imaging.

Caregiver Anxiety
The short STAI was used to determine how anxious caregivers
were before preparing (T1), after preparing and upon entering
the MRI simulation room (T2), and after completing the
assessment (T3). As depicted in Figure 13, caregivers using the
manual to prepare were significantly more anxious after
preparing than caregivers in the VR-MRI (mean difference 5.33,
95% CI 2.93-7.74; Dunnett P<.001) and CLP groups (mean
difference 3.73, 95% CI 1.07-6.40; Dunnett P=.004). The effect
size was large (η2=0.319, 95% CI 0.15-0.448). No clinically
significant differences between the groups were found before
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preparing (T1) or after completing the assessment (T3).
Caregivers in the VR-MRI group reported low anxiety before
(median 6.5, IQR 4; SD 2.572) and after preparation (median
6, IQR 2; SD 1.744) and after the assessment (median 6, IQR
2; SD 1.810). Caregivers in the manual group reported low
anxiety before preparation (median 8, IQR 6; SD 4.945), an
increase in anxiety after preparation (median 10, IQR 6; SD
4.394), and again low anxiety after the assessment (median 8,
IQR 4; SD 2.924). Finally, caregivers in the CLP group reported
low anxiety before (median 7, IQR 6; SD 3.294) and after
preparation (median 8, IQR 4; SD 3.224) and after the
assessment (median 6, IQR 4; SD 2.545).
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Figure 13. Comparison of change in self-reported caregiver anxiety between timepoints and across groups, measured with the short State-Trait Anxiety
Inventory (the circles denote outliers and the asterisks denote extreme outliers). Clinically significant differences were found between the manual group
in comparison with the virtual reality magnetic resonance imaging (Dunnett P<.001) and the Child Life Program (Dunnett P=.004). MRI: magnetic
resonance imaging; VR-MRI: virtual reality magnetic resonance imaging.

We conducted a bivariate Pearson correlation analysis to
determine whether child anxiety was related to caregiver anxiety.
After preparation and upon entering the MRI simulator room,
child and caregiver anxiety had a statistically significant linear
relationship (r84=0.421; P<.001), indicating that child anxiety
increased with parental anxiety. The strength of this relationship
was moderate.

Procedural Data
Time was recorded during preparation and assessment. There
was a significant difference in preparation times among all
groups (F2.81=53.261; Dunnett P<.001). The effect size was
large (η2=0.568, 95% CI 0.415-0.660). Participants in the
VR-MRI group prepared for the longest time, which was 22.05
minutes (SD 4.41; 95% CI 20.40-23.69), compared with the
CLP group, which was in the middle at 15.06 minutes (SD 3.32;
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95% CI 13.82-16.30), and the SPM group, which prepared for
the shortest time, at 9.98 minutes (SD 5.24; 95% CI 7.76-12.20).
No statistically significant differences were found among the
groups in assessment time (F2.81=2.063; P=.13). Participants
in the VR-MRI group, on average, took 11.79 minutes (SD 1.99;
95% CI 11.05-12.55), compared with the SPM group who took
11.19 minutes (SD 3.80; 95% CI 9.58-12.78) and the CLP group
who took 10.17 minutes (SD 3.44; 95% 8.89-11.45) to complete
their assessment (regardless of success).
We conducted a bivariate Pearson correlation test to determine
whether the time spent preparing affected the efficiency of the
assessment. Preparation and assessment times did not have a
statistically significant linear relationship (r=0.148; P=.18),
indicating that preparation time did not have a significant effect
on assessment time in our study (Figure 14).

J Med Internet Res 2021 | vol. 23 | iss. 9 | e22942 | p.1143
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Stunden et al

Figure 14. Comparison of preparation and assessment times across groups, measured in minutes. No significant relationship was found (r=0.148;
P=.18). VR-MRI: virtual reality magnetic resonance imaging.

One child (aged 5 years) indicated eye strain and a blurry image
when viewing VR-MRI that could not be mitigated by
interpupillary adjustments. Two children (aged 6 and 4 years)
reported the dinosaur graphic in VR-MRI was scary. Six
participants (aged 4-12 years) in the manual group expressed
being scared of pictures in the manual, particularly the sections
of the intravenous or coil pictures. No other side effects were
reported.

Caregiver Usability
Caregivers were asked to complete the USE Questionnaire [46]
to report how easy the preparation materials were to learn and
use, as well as how useful and satisfied they were with using
them to prepare their children for the simulated MRI experience.
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Caregivers did not report significant differences in ease of use
(χ22=0.01; P=.99), ease of learning (χ22=1.5; P=.48), or
usefulness (χ22=4.4; P=.11) among the groups. On average,
caregivers using VR-MRI to prepare their child agreed that it
was useful (median 31, IQR 4; SD 3.562), easy to use (median
24, IQR 3; SD 2.448), and easy to learn (median 18, IQR 2; SD
2.366). As depicted in Figure 15, caregivers using CLP, on
average, also agreed that it was useful (median 30, IQR 6; SD
4.163), easy to use (median 24, IQR 4; SD 2.937), and easy to
learn (median 18, IQR 3; SD 3.059). Caregivers using SPM
somewhat agreed that it was useful (median 28.5, IQR 6; SD
3.323) and agreed that it was easy to use (median 24, IQR 5;
SD 2.167) and easy to learn (median 18, IQR 3; SD 2.183).
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Figure 15. Comparison of median usability metrics collected across groups, adjusted to total scores of 100. Significant differences were found for
caregiver satisfaction when comparing the manual with the virtual reality magnetic resonance imaging and Child Life Program (Bonferroni P<.001).
VR-MRI: virtual reality magnetic resonance imaging.

However, when reporting satisfaction with the preparation
materials, caregivers using VR-MRI and CLP were significantly
more satisfied than the caregivers using SPM (Dunnett P<.001).
The effect size was large (η2=0.268, 95% CI 0.104-0.402).
Caregivers in the VR-MRI (median 31, IQR 4; SD 2.837) and
CLP (median 30.5, IQR 6; SD 4.173) groups reported high
satisfaction. However, caregivers in the SPM group were only
somewhat satisfied (median 26, IQR 6; SD 2.428).
When asked if they would be comfortable with their child using
the preparation materials for an actual MRI, 100% of
participants in all groups indicated yes. In terms of
improvements, caregivers in the VR-MRI group indicated they
wanted the ability to explore VR-MRI in tandem with their child
and wanted more information about when their child would be
ready for a successful MRI. Caregivers in the manual group
recommended tailoring the manual to the specific procedures

being conducted, offering more instruction to parents on how
to coach their child through the MRI experience, and offering
more interactivity (eg, videos and stickers) to guide children
through the steps. Caregivers in the CLP group were pleased
and had no recommendations for improvement.

Child Satisfaction and Fun
Child satisfaction is reported in Table 2. Children were asked
to point to a visual analog scale, indicating their satisfaction
with the preparation materials. Children in the SPM group were
significantly less satisfied than those in the CLP group (mean
difference −17.509, 95% CI −34.85 to −0.17; Dunnett P=.047).
On average, children in the manual group were 73.5% (SD 27%;
IQR 37%) satisfied compared with children in the CLP group
who were 90% (SD 12%; IQR 23%) satisfied. Children in the
VR-MRI group were 80% (SD 27%; IQR 22%) satisfied.

Table 2. Comparison of self-reported child satisfaction scores between groups, measured with a visual analog scale.
Characteristics

Participant (n=77), n (%)

Median score (IQR; SD)

Mean rank

Chi-square (df)

P value

VR-MRIa

30 (39)

80 (22; 27)

36.15

7.7 (2)

.02b

Standard preparatory manual

20 (26)

73.5 (37; 27)

30.90

—c

—

Child Life Program

27 (35)

90 (23;12)

47.17

—

—

Timepoint 1

a

VR-MRI: virtual reality magnetic resonance imaging.

b

Statistically significant difference between study arms (Kruskal–Wallis, P<.05).

c

Not available.

The Smileyometer was used to determine how fun children
expected the programs to be and how fun they actually were
after completing them. We did not find any statistically
significant differences in how much fun children expected the
preparation to be (F2.81=2.224; P=.11). On average, the children
in the VR-MRI and CLP groups thought the preparation would
be really good, whereas children in the manual group thought
the preparation would be okay.

https://www.jmir.org/2021/9/e22942

XSL• FO
RenderX

When asked if they would recommend the preparation materials
to a friend, 93% (28/30) of participants in the VR-MRI group
said yes compared with 80% (22/27) in the CLP group and only
71% (14/20) in the manual group. Participants in the VR-MRI
group thought the game was too difficult and that they spent
too much time staying still. The participants reported that they
wanted more options in terms of selecting a character in the
experience and tailoring the language to their age group.
Participants in the manual group recommended only including
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the procedures they would encounter and providing more
interactivity. The participants in the CLP group also commented
on the length of time required to stay still and the importance
of listening to the correct volume and repetition of the sounds.

Discussion
Effectiveness of VR-MRI in Preparing Children for
the Nonsedated MRI Experience
In this study, we compared a VR preparation program (VR-MRI)
with the hospital CLP and SPM for reducing anxiety and
noncompliance during a simulated MRI scan of the head. To
our knowledge, no other study has compared VR with these
alternatives for nonsedated MRI using both anxiety and success
as outcomes.
Although VR has been studied in some preprocedural situations,
including anesthesiology and medical imaging, its effectiveness
in comparison with mock-MRIs [15,16,55-57] and other
behavioral techniques [4,12] used by CLPs has not been well
examined [12]. We found no significant differences between
VR-MRI, our hospital CLP, and our hospital SPM on our
measure of success during a simulated MRI experience (P=.27).
This finding is comparable with that of another recent study
[56] which found cheaper versions of MRI simulations adequate
in most cases to provide the desensitization and practice needed
for a successful nonsedated pediatric MRI scan. VR-MRI adds
to the options for affordable and viable alternatives discussed
in recent reviews [12]. It can be used at home or in remote
settings for further practice and can easily be stored when not
in use. Thus, health care centers could use a digital preparatory
sequence leveraging immersive media, such as our VR-MRI
app, to prepare pediatric patients aged between 4 and 13 years
without the financial, travel, and space requirements of
traditional in-person MRI simulations.

VR-MRI and Child Anxiety
In addition to finding no differences in our measure of success,
we also found no clinically significant differences among
children’s reported anxiety when using VR-MRI compared with
the other standards of care (T1, P=.99; T2, P=.008; T3, P=.10).
Other studies have reported low anxiety during medical imaging
simulations [30]. The findings of this study and ours question
the relationship suggested by many studies (that anxiety directly
influences motion artifacts). Although our study participants
reported low anxiety, many were still unsuccessful in the
simulated MRI experience. A patient’s understanding is another
element that can contribute to motion artifacts [58]. However,
our findings also question this as we did not find any relationship
between success and prior experience with medical imaging.
Our sample for this subset was quite small, which could explain
why no relationship was found. Future studies could consider
measuring heart rate and cortisol as objective measures of stress
throughout the training and procedure, as well as a measure of
patient understanding to further explore these concepts.

VR-MRI and Caregiver Anxiety
Whereas other research has focused primarily on patient anxiety,
our study uniquely evaluated caregivers' anxiety during the
process of preparing for and completing a simulated MRI
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experience. VR-MRI was not statistically different from CLP
and was better than SPM in mitigating caregiver-reported
anxiety when entering the MRI simulation room (P<.001). We
also found that caregiver and child anxiety tended to increase
together after preparation (P<.001). Given that it is generally
accepted that clinicians provide the opportunity for parents to
be present during their child’s procedure [59], our study results
suggest that preparation is just as beneficial to caregivers as it
is to the children undergoing MRI procedures. To assist in
caregiver preparation, we mirrored the experience on a tablet
for parents to experience it at the same time as the children. To
our knowledge, effective ways of engaging caregivers in the
preparation process have not yet been studied, particularly in
the context of VR.

Time Spent Preparing and Conducting Head Scans
Participants prepared the longest with VR-MRI and the shortest
with SPM. This was largely expected given that VR-MRI was
a standardized experience compared with the experience of the
other two groups that received interventions tailored to the
participant by the CCLS (in the CLP group) or the caregiver
(in the SPM group). It is interesting to note that participants
engaged in programs that provided opportunities for experiential
learning (VR-MRI and CLP) for a longer duration than those
that offered through didactic learning (SPM). However, these
novel elements of preparation, which allowed patients to engage
and participate in a practice MRI experience, did not result in
differences in success. We did not find any significant
differences in the assessment times across the groups (P=.13).
We did not continue to conduct training and assessments with
participants until we obtained an appropriate image quality,
which would be critical for clinical care scenarios. In fact, many
of the children failed the assessments in our study, suggesting
that the assessment was actually not efficient, and more training
or sedation would be required for these children. An important
element of experiential learning is the opportunity to reflect on
experiences [37]. As our study comprised a single session on
the same day as the assessment, and children aged ≥6 years
benefit most if they participate in preparation programs for ≥5
days in advance of the procedure [4], offering VR preparation
before a medical imaging procedure and with multiple
opportunities to experience, reflect, and practice should be
explored by future investigators. In accordance with
patient-centered care, children may also benefit from interacting
with different practice materials depending on their individual
preferences. We echo other investigators in stating that
deploying multiple strategies together may provide the best way
forward to improve nonsedated medical imaging outcomes and
experiences [12].

Experiences With VR-MRI
Caregivers’ Experiences
As reported by other investigators [27,29-31], experiences using
VR-MRI were positive in our study. Our data indicate that
compared with CLP and SPM, the VR-MRI app was just as
easy to use (P=.99), easy to learn (P=.48), and useful (P=.11).
The technical concerns commonly reported as barriers to
perceived ease of use of VR technologies [60] were not
J Med Internet Res 2021 | vol. 23 | iss. 9 | e22942 | p.1146
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
mentioned by the caregivers in our study. In fact, caregivers
were significantly more satisfied with VR-MRI than SPM
(P<.001). It is important to note that SPM was the only
preparation program to require support from the caregiver as
the researcher assisted in the setup for the VR-MRI group, and
the CCLS assisted in the CLP group. As such, we may not have
seen the same result if participants were required to set up the
hardware themselves without assistance. Nonetheless, VR-MRI
was perceived as a valued and acceptable form of preparation
by caregivers.

Children’s Experiences
In addition to caregiver experiences, we also measured the
children’s experiences using VR to prepare for their simulated
head scan. We only found significant differences in children’s
reported satisfaction between SPM and CLP (P<.001) groups.
Children using the VR-MRI app generally thought it was really
good for preparing them for the MRI assessment, meeting the
children’s expectations for fun. The results of the app meeting
expectations are likely influenced by the VR-MRI design, which
includes obtaining multiple perspectives for identifying the
needs and values of pediatric patients undergoing medical
imaging procedures [34,35]. However, it is interesting that there
were no significant differences among VR-MRI and the other
2 groups in terms of fun. Other investigators using gamification
in VR for preoperative anxiety in pediatric patients undergoing
general anesthesia also found that satisfaction was not
significantly different between their gamified and control groups
[24]. The result suggests that integrating novel technologies
does not inherently make a procedural preparation fun, and
further product and design elements are required to create an
optimal experience. On the basis of the feedback from children
and their caregivers, the VR-MRI game design may need
refinements in terms of tailoring the challenge of staying still
to the user’s initial skills, as well as more options for
customization and immersion to create an optimal experience
[21,34,39].

Product and Design
The selection of preprocedural scenarios and hardware that are
best for integration with VR is not well understood and has not
been the focus of previous pediatric studies [21,39]. In our study,
we elected to conduct a head scan as it was one of the most
common and anxiety-provoking scans at our hospital. However,
pragmatically, the clinical characteristics of patients who require
head scans may not be the most appropriate for the use of VR
headsets as a significant proportion of patients who require head
scans have traumatic brain injuries or are potentially epileptic
(which typically precludes them from using VR). In addition,
experiences could be affected by a patient’s mobility of the head
and neck when using HMDs. Further research is needed for safe
use with these patients and may include delivering the program
through immersive videos rather than with a headset. The
program must also be adapted to make it available on other
platforms (Android and iOS) and devices so that it can be
versatile in deployment [39]. The lack of appropriate patients
to recommend VR to had a significant impact on the uptake of
VR interventions in other clinical settings [60] and should be
an important consideration for development.
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Our study responds to the literature calling for studies on
products that engage pediatric patients and explore skill-building
goals [34]. We introduce intervention and design elements that
provide dynamic feedback to the patient and experiential
learning to regulate movement in preparation for a nonsedated
MRI. We designed and tested a virtual MRI with real-time
feedback to explore skill building and introduced some product
qualities that enabled the participants to be active in preparing
themselves for the MRI experience. Our design considerations
included tailoring simplicity and interactivity to improve control,
improving a sense of presence, creating a sense of safety through
familiar design elements and medical procedures, incorporating
narrative elements, and cultivating growth and motivation [34].
The real-time feedback feature, facilitated through a mobile
phone gyroscope, is a unique gamification element that aligns
with anxiety management strategies [34]; to our knowledge,
this has not been reported in the literature to date. Future apps
should focus on refining and validating real-time feedback
gaming elements in medical imaging preparation so that it could
be used as a decision-making tool that informs parents and
health care providers about when and if a patient might be ready
to attempt a nonsedated MRI, thus reducing the burdens
associated with anxiety and noncompliance.

Limitations
There are several potential limitations to this study. Our
methodology focused on self-reporting of anxiety of children
and caregivers. We used the short STAI for caregivers but VPT
for children, which may have introduced confounding factors.
The results may also have been affected if users did not fully
understand the meaning or how to complete the surveys after
the instructions. There may have been a response bias, as
children often consciously or subconsciously give responses
that they think adults want to hear.
Our study also had several additional biases. The study was
subject to information and selection biases, as we recruited
participants through posters at the hospital, public libraries, and
social media and provided remuneration and parking
reimbursements. Motivation and reported outcomes related to
using the materials could have been affected by these extrinsic
motivations (eg, remuneration). The study was also unblinded
to the participants and research staff because of the practicalities
of the preparatory processes and logistical limitations.
Our study had a small sample size that met the requirements of
our power calculation. The effect sizes were smaller among
groups than we anticipated, and, therefore, this study is at risk
for type 2 error (accepting a null hypothesis that is actually
false). A total of 5 participants did not have movement metrics
because of technological malfunction. In our study, we used
the MERGE VR headset as no other HMDs have been indicated
for use specifically with children. This headset is indicated to
match the interpupillary distance of children aged ≥10 years.
Younger children may have smaller interpupillary distances
than can be adjusted for. Eye strain and a blurry image that
could not be mitigated by adjustment were reported by 1 study
participant (aged 5 years), which is likely a result of that
limitation. Currently available consumer-grade VR hardware
has not been designed for use with younger children and, in
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some cases, might not be adjustable for the parameters required
by them.

Conclusions
The VR preparatory program with a novel real-time feedback
feature had comparable findings with our hospital CLP and
SPM in successfully preparing children to complete a simulated
MRI experience. Furthermore, VR-MRI mitigated situational
anxiety in children throughout the process of preparation and

Stunden et al
completion of a simulated MRI head scan. As such, digital
preparatory apps that leverage immersive media, such as our
VR-MRI app, may be a viable alternative for preparing children
for nonsedated MRI. Further research is required to confirm the
findings with actual pediatric patients in a real MRI machine,
as our study used a high-fidelity MRI simulator. Nevertheless,
the use of VR and the sequence of activities provided through
the VR-MRI app show promise for preprocedural anxiety
reduction in children and their caregivers.
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Abstract
Background: Prior studies have shown that virtual reality (VR) is an efficacious treatment modality for opioid-sparing pain
management. However, the majority of these studies were conducted among primarily White, relatively advantaged populations
and in well-resourced settings.
Objective: We conducted a qualitative, theory-informed implementation science study to assess the readiness for VR in safety-net
settings.
Methods: Using the theoretical lens of the Consolidated Framework for Implementation Research (CFIR) framework, we
conducted semistructured interviews with current VR users and nonusers based in safety-net health systems (n=15). We investigated
barriers and facilitators to a commercially available, previously validated VR technology platform AppliedVR (Los Angeles,
CA, USA). We used deductive qualitative analysis using the overarching domains of the CFIR framework and performed open,
inductive coding to identify specific themes within each domain.
Results: Interviewees deemed the VR intervention to be useful, scalable, and an appealing alternative to existing pain management
approaches. Both users and nonusers identified a lack of reimbursement for VR as a significant challenge for adoption. Current
users cited positive patient feedback, but safety-net stakeholders voiced concern that existing VR content may not be relevant or
appealing to diverse patients. All respondents acknowledged the challenge of integrating and maintaining VR in current pain
management workflows across a range of clinical settings, and this adoption challenge was particularly acute, given resource and
staffing constraints in safety-net settings.
Conclusions: VR for pain management holds interest for frontline pain management clinicians and leadership in safety-net
health settings but will require significant tailoring and adaption to address the needs of diverse populations. Integration into
complex workflows for pain management is a significant barrier to adoption, and participants cited structural cost and reimbursement
concerns as impediments to initial implementation and scaling of VR use.
(J Med Internet Res 2021;23(9):e26623) doi:10.2196/26623
KEYWORDS
virtual reality; medical informatics; information technology; implementation science; qualitative research
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Introduction
Immersive virtual reality (VR) has emerged as an efficacious
treatment modality for a wide range of medical and
neurocognitive conditions including pain. VR is delivered via
a headset that displays computer-generated and oftentimes
interactive audio and visual content that can be designed to
reduce pain through techniques such as distraction, relaxation,
and mindfulness. Randomized controlled trials and effectiveness
studies demonstrate that VR improves pain scores among
inpatients and during medical procedures [1-4]. Additionally,
studies indicate that patients can use VR to help manage chronic
pain [5-8]. In a prior study among predominantly non-Hispanic
White patients, most patients found VR use for pain to be a
positive experience [9]. VR is generally considered safe, with
the most common adverse effects being dizziness and nausea.
Motion sickness and seizure disorders are the most prevalent
of the few medical contraindications to VR use.
Clinicians have demonstrated interest in VR therapy as a safe
and effective adjunctive or replacement to opioid agents to avoid
adverse consequences of opioid use [10]. Opioid misuse
represents a growing epidemic in the United States, affecting
10.3 million people, 48,000 of whom died in 2018. Even in
acute-care settings, initiation of opioids can lead to long-term
use, the consequences of which include dependence and
hyperalgesia [11]. There is an urgent need for safer pain
management for the millions of chronic pain sufferers
worldwide. This represents a public health challenge as well,
as racial and ethnic minorities, the elderly, and patients who
speak English as a second language are more likely to
experience suboptimal treatment for their chronic pain [12].
Despite studies proving the efficacy of and great promise for
VR therapy as a nonpharmacologic approach to pain
management, VR has not become part of routine chronic pain
management [2,13,14]. As with other complex interventions,
there is little evidence to guide implementation [15]. Although
we know that VR has been effective in clinical trial settings,
understanding why and how it has been effective is required to
translate this modality to diverse practice settings [16]. Most
VR studies have also been conducted in settings that serve
ethnically homogenous, relatively advantaged populations with
high health literacy and educational attainment.
There are specific considerations in adapting digital innovations
to diverse populations and to safety-net health care settings that
disproportionately care for them [17]. A systematic review of
digital innovations in the safety net found that externally
developed interventions face significant challenges, including
acceptability to providers, staff, and patients; staffing needs;
and implementation costs [18]. We sought to elucidate the
implementation climate specifically for VR [19]. Therefore, we
conducted a qualitative, theory-informed implementation science
study to assess the readiness for VR in safety-net settings.

Methods
This study aims to determine barriers and facilitators to the
implementation of VR as a treatment for pain in safety-net
https://www.jmir.org/2021/9/e26623
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settings. We obtained institutional review board approval
(#19-29025) for this project from the University of California,
San Francisco (UCSF) Human Research Protection Program.

Conceptual Framework and Interview Guide
We developed an interview guide based on the Consolidated
Framework for Implementation Research (CFIR) [20,21]. We
chose this framework because it accounts for a wide range of
contextual factors and is widely used to characterize complex
interventions in health care settings [22-26]. The CFIR
framework includes 5 overarching domains: (1) the
characteristics of the intervention itself; (2) the inner setting,
that is, the specific environment in which the intervention will
take place; (3) the outer setting, or larger environment,
encompassing the broader landscape in which the inner setting
sits; (4) the individuals involved in intervention delivery and
the target population; and (5) the process by which the
intervention is introduced.

Data Collection
We used the snowball method of sampling to conduct 15
semistructured interviews (Multimedia Appendix 1) of 5 health
care providers, leaders, and administrators who currently provide
VR to patients (users) and 10 who do not use VR (nonusers).
Most but not all nonusers practiced in safety-net settings, defined
as public hospitals or federally qualified health centers serving
the majority of patients on Medicaid or those who are uninsured
[27]. We intentionally sampled nonusers as health care providers
or staff without experience in using VR for clinical pain
treatment, ensuring that every participant had expertise working
with diverse patient populations in their practice (i.e., safety net
or academic medical center sites serving Medicaid or
racially/ethnically or linguistically diverse patients). We
oversampled safety-net sites in particular because they are
generally the last to be considered for implementation of
innovation programs, and we sought to seek out their
perspectives early to improve eventual broadscale
implementation of this technology for diverse patient
populations [28]. We conducted interviews from October 2019
to September 2020. Two members of the study team conducted
the interviews via videoconferencing with screen sharing
because of either logistical barriers or public health restrictions
due to the COVID-19 pandemic for meeting in person. The
team recorded the interviews with participant consent and
transcribed the interviews without any identifying information.
The participants received an incentive for their participation,
with e-gift cards sent via email following interview completion.

Data Analysis
We used the qualitative software Dedoose (SocioCultural
Research Consultants, Hermosa Beach, CA, USA) for analysis.
Two authors, KN and JL, read all the transcripts in detail. For
deductive coding, they assigned excerpts to 1 of the 5
overarching CFIR domains (intervention characteristics,
individual characteristics, implementation process, inner setting,
and outer setting) and met to discuss codes and resolve
inconsistencies (Figure 1). They then independently analyzed
3 interview transcripts inductively to identify themes that arose
from the interviews. They subsequently met to reach an
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agreement on a comprehensive list of potential themes. One
investigator (author JL) coded the remaining (12 total)
transcripts under the supervision of KN for any relevant CFIR
constructs and new inductive codes that emerged from
participant responses. The entire study team met regularly to
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discuss discrepancies or resolve disputes regarding the coding.
All authors iteratively revised and agreed upon the final list of
themes and representative quotes. We reached thematic
saturation after 11 interviews and elected to complete 4
additional interviews that had already been scheduled.

Figure 1. Overview of Consolidated Framework for Implementation Research (CFIR) domains and examples of barriers and facilitators.

Data Availability
The qualitative data generated and analyzed during the current
study are not publicly available due to the risk of
re-identification of participants, but codebooks are available
upon reasonable request.

Results
We interviewed 15 participants from a variety of roles and
organizations (Table 1).
We defined “user” as a health care provider or staff member
interviewee with previous research experience implementing
the AppliedVR platform for pain treatment at their delivery
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system; we defined “nonuser” as a health care provider or staff
member interviewee without experience with AppliedVR or
other VR platforms for clinical pain treatment.
Underlying these results was a strong sense of an unmet need
for chronic pain management among users and nonusers. There
was agreement among all interviewees that addressing pain
management differently represents a high organizational/clinical
priority. Building on that universally acknowledged need and
prioritization, both users and nonusers of VR identified a range
of factors related to the intervention itself and to the milieu in
which it would be implemented that they expected would impact
VR implementation. We described the major themes within
each CFIR domain and provided exemplar quotes.
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Table 1. Participant roles, user status, and organization characteristics.

a

Participant ID Participant role

User/nonuser

Organization characteristics

1

Chief Medical Information Officer

User

Safety-net health system

2

Research physician

User

Academic medical center

3

Clinical research coordinator

User

Academic medical center

4a

Director for Innovation and Digital Healtha

User

Academic medical center

4b

Program Manager for Innovation and Digital Healtha

User

Academic medical center

5

Director of surgical subspecialty service

User

Nonprofit regional tertiary medical
center

6

Primary care and addiction services physician

Nonuser

Safety-net health system

7

Associate Director of Research and Health Equity

Nonuser

Academic medical center

8

Chief Medical Officer

Nonuser

Safety-net health system

9

Chief Medical Informatics Officer

Nonuser

Safety-net health system

10

Primary care physician, pain clinic

Nonuser

Safety-net health system

11

Director of Telehealth

Nonuser

Safety-net health system

12

Psychologist, internal medicine

Nonuser

Academic medical center

13

Registered nurse, palliative care

Nonuser

Safety-net health system

14

Associate Chief Medical Informatics Officer

Nonuser

Safety-net health system

15

Psychologist, internal medicine

Nonuser

Safety-net health system

These participants were interviewed simultaneously.

Characteristics of the Intervention
The VR intervention itself has attributes that both facilitate and
inhibit implementation (Multimedia Appendix 2, Table S1). A
key factor for the intervention is its relative advantage over
existing approaches for pain. VR users and nonusers both
mentioned the favorable safety of using VR compared to pain
medications. Additionally, VR users also mentioned the option
for patients to use the technology on their own on an ongoing
basis after initial training from staff, as opposed to ongoing,
clinician-delivered pain interventions, such as cognitive
behavioral therapy. Similarly, nonusers appreciated the potential
for scaling pain management activities through VR-enabled
self-management approaches. Nonusers of VR commented on
the face validity of VR as a chronic pain treatment. In terms of
the intervention content, both users and nonusers noted that the
platform is available only in English and therefore not usable
in limited English–proficiency populations. The difference
between users and nonusers was in how they prioritized this
limitation. Interviewees based in the safety net described
non-English language as a prerequisite, whereas it was
considered a limitation of varying importance among those who
were already using VR. The participants discussed the ability
to culturally tailor VR scenarios in opposing ways. VR nonusers
expressed some skepticism about the content’s appropriateness
for culturally diverse populations and for those with significant
trauma histories. VR users noted that the currently available
content does not always resonate across cultures, particularly
for minoritized populations. However, they did consider the
ability of VR to offer many culturally tailored content offerings
to be a key attribute of the approach. Both users and nonusers
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acknowledged the specific contraindication of motion sickness
and the overall low risk of the modality.

Individual Characteristics
For this study, we considered the CFIR domain of “individual
characteristics” to refer to target patients for VR as a pain
intervention (Multimedia Appendix 2, Table S2). A prevalent
theme was comfort with technology, including challenges for
older adults in navigating technology and digital literacy more
broadly. Nonusers, in particular, raised concerns about patient
mistrust of new or experimental treatments. Despite this, several
interviewees emphasized that they would expect a significant
proportion of low-income and diverse patients cared for in
safety-net settings to willingly engage with VR. Participants
who used VR expressed near-universal high levels of patient
satisfaction with VR, and nonusers expected that patients with
chronic pain would appreciate having additional treatment
options. Nonusers did cite physical opioid dependence and a
fear of opioid de-prescribing as expected barriers from patients,
and users and nonusers alike referred to patients’ more pressing
social and health needs as significant barriers to VR
implementation for pain. Nonusers specifically mentioned
trade-offs for health systems in deciding whether to invest in
innovations such as VR versus approaches to address patient
needs such as housing and food insecurity.

Implementation Process
Both VR users and nonusers considered VR implementation to
be a complex process (Multimedia Appendix 2, Table S3). There
was consensus that patients would require specific orientation
from staff in order to initiate VR use for pain and that staff
support would be required for coaching and troubleshooting on
J Med Internet Res 2021 | vol. 23 | iss. 9 | e26623 | p.1155
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an ongoing basis. Both users and nonusers pointed to the
requirement that frontline staff interact with VR and have a
personal buy-in to facilitate successful implementation.
Similarly, all participants highlighted the need for champions
among clinicians who can share both evidence for VR as a pain
treatment and successful treatment experiences. The availability
of staff time was a dominant concern, with VR users
emphasizing the need to plan for adequate staff effort to
implement VR and nonusers expressing doubt about staff
availability. Integration of VR into existing pain management
workflows, a key aspect of the implementation process,
highlighted barriers and facilitators. It emerged that
implementation success would depend on the extent to which
VR could be integrated into specific clinical settings. Some, but
not all, nonusers focused on integration into the electronic health
record. The participants cited some especially challenging
settings, such as primary care, and some more feasible settings,
such as the outpatient pain clinic. More specifically, the
intervention requires a multistep process with each patient,
which both users and nonusers believe complicates more
widespread implementation.

Inner Setting
The inner setting for VR implementation is the specific health
system and, within each health system, the specific clinical
settings that currently treat pain (Multimedia Appendix 2, Table
S4). One overarching inner setting barrier, seen across all
participants, is that within health systems, pain management is
a cross-cutting issue and therefore requires collaboration among
departments and stakeholders, in contrast to other clinical
conditions for which one clinical unit is entirely responsible.
Both users and nonusers cited pressure to prescribe opioids and
the providers’ lack of familiarity with VR as barriers to use.
Several participants mentioned the default habit and culture of
addressing pain with medication. Among the nonusers,
participants noted that their peers hold skepticism about
corporate approaches to treatment. Both users and nonusers
emphasized the importance of leadership attitudes. They
described interest in VR as part of a larger mindset around
openness to innovation. All participants emphasized the need
for dedicated staff time and training and space for VR treatment,
which require a leadership commitment. Resource limitations
in safety-net settings were seen to preclude these needed actions
for implementation. Most participants suggested that an
innovative culture is a prerequisite for VR implementation, but
safety-net participants described this as pervasive: “We seem
to be late adopters.” In contrast, VR users described few
individuals as having an anti-innovation attitude. Some nonusers
described local leaders as not being innovation minded but
instead being focused on delivery of long-standing services.
Similarly, nonusers described the wide array of stakeholders
(eg, frontline staff, information technology [IT], and clinical
leaders) within the local environment whose engagement was
needed for success. In terms of concrete needs, both users and
nonusers cited the need for adequate physical space for VR
treatment and up-front investment in the VR hardware as
inner-setting requirements. However, VR users experienced
these needs as surmountable challenges, while VR nonusers
highlighted space and initial costs as formidable obstacles.
https://www.jmir.org/2021/9/e26623
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Outer Setting
Challenges related to the outer setting of the intervention, such
as external policies and incentives, arose as well (Multimedia
Appendix 2, Table S5). In the broader health care landscape,
use of VR is not a billable service. The participants viewed this
lack of insurance reimbursement as a critical barrier to
implementation at scale. Both VR users and nonusers mentioned
philanthropic and private funding as a current or possible
approach for the short term. There was consensus that expecting
patients to bear the cost of pain treatment is a significant
implementation barrier. Beyond cost, concerns around data
privacy and security in digital health surfaced among nonusers.
Nonusers also pinpointed the digital health industry’s focus on
wellness over developing treatments for specific conditions as
a barrier to widespread use of digital therapies more broadly.

Discussion
Principal Results
Our results suggest that many of the factors affecting VR
implementation, or, indeed, implementation of novel,
technology-enabled therapeutic approaches, exist in both
safety-net settings and more advantaged, resource-rich health
care systems. We did not identify a completely different set of
issues relating to VR in the safety net; rather, similar challenges
seem to be magnified in safety-net settings. For example, among
safety-net stakeholders who do not currently use VR, an
English-only intervention would be impossible to implement
for their linguistically diverse patient populations, whereas
non-safety-net participants saw this limitation as less significant
in impacting adoption. Similarly, the cultural relevance and
acceptability of the content was a source of concern for
safety-net interview participants but appeared to be
surmountable to non-safety-net participants who were already
testing VR at their sites. In other words, current VR users saw
further cultural tailoring as an area for future improvement,
whereas our safety-net participants saw it as a prerequisite for
use because of the diverse populations served in safety-net
settings. Both VR-use and VR-nonuse sites acknowledged that
competing demands in patients’ lives, relating to housing status,
income instability, and other social challenges, would interfere
with using a novel therapeutic approach like VR. Again, these
challenges seemed more prevalent in the safety net.
Our findings in the CFIR domain of “inner setting” suggest that
the process of implementing a complex intervention like VR
requires a formal change management strategy encompassing
leadership support, frontline champions, and a campaign for
staff buy-in. Safety-net respondents reported a lack of capacity
for implementing new approaches, particularly with regard to
leadership commitment to innovation and resources to conduct
change management activities. The outer setting or larger
context for VR implementation has facilitators, such as the
desire to appear innovative, while reducing the harm from opioid
use. However, the lack of insurance reimbursement and available
funding for VR interventions is a significant barrier. Competing
priorities for leadership can also stymie innovations such as VR
implementation, especially in safety-net health care settings
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where resource limitations and “keeping the doors open” are
perennially in question.
Our findings echo prior work about innovation in safety-net
settings. Dating back to the early days of health IT, safety-net
settings have lagged in implementation [29]. Prior studies
suggest that frontline patient engagement and trust,
appropriateness of innovative tools for diverse end users, and
dedicated resources for innovation are particularly salient for
the implementation of new health IT approaches in the safety
net [18,28,30,31]. Implementation science studies in safety-net
settings should specifically emphasize these concepts in
applying, and, where necessary, adapting, conceptual
frameworks such as the CFIR.
Our study lends weight to a previously developed evaluation
framework for VR [19]. The VR1 study design phase
emphasizes the importance of working directly with end users,
and we found that implementation in safety-net health settings
will require significant tailoring and adaptation of the VR
intervention to address the needs of diverse populations (eg,
racial and ethnic minorities, language barriers, and social
complexity). Several actions can address the current barriers to
VR use for pain management in safety-net health care settings.
For example, our results underscore the need for cultural
tailoring and translation (eg, VR content that features voices
and images of racially and ethnically diverse individuals and is
provided in languages other than English). Furthermore, more
specific adaptations or considerations addressing structural
issues disproportionately facing lower-income and racial/ethnic
minorities in the United States (eg, unjust incarceration practices
and historical trauma) might require deeper qualitative
exploration with patients about their preferences or comfort in
using VR headsets. A prior study of predominantly non-Hispanic
White hospitalized patients demonstrated that many refuse to
try VR [9]; the acceptability of VR to patients should be tested
in more diverse patient groups. Following this, usability testing
with diverse populations could evaluate concerns about the
acceptability and usability of technology, disinfection, and
adverse effects such as motion sickness. Any deployment
strategy for VR should take into account the resource and
workforce constraints of the safety-net environment. Developers
of VR for chronic pain management should address
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implementation considerations in parallel with design and
evaluation in order to foster higher uptake of VR and digital
tools overall.

Strengths and Limitations
Our study has strengths, such as inclusion of multiple health
systems and geographic areas. In addition, we compared and
contrasted the experiences of health care system participants
who are currently overseeing the use of a single VR platform
with those of safety-net and academic providers across multiple
sites who are not currently using VR. Furthermore, we used a
well-known conceptual framework and reached thematic
saturation in content analysis. Despite these strengths, the study
does have limitations. The sample size was circumscribed, and
we do not have information about the extent of VR use among
the participants who are currently using the tool in their health
systems.
Although our discussion focused on one technology approach,
VR, for a single clinical problem (pain management), many of
the themes that emerged are relevant across multiple innovative
approaches to clinical care. The spread of innovations to
safety-net health settings requires attention to patients’ language
and culture. Efforts to address resource constraints, such as
providing staff training and detailed protocols encompassing
workflow integration, can lower barriers to innovation. Inclusion
of diverse populations and the health care settings where they
disproportionately receive care will address issues that are
relevant across other health systems as well.

Conclusion
This study contributes to the literature by revealing barriers and
facilitators to implementing VR for pain management in
safety-net settings. We demonstrate that frontline pain
management clinicians and leaderships are interested in VR,
but it will require significant tailoring and adaptation to address
the specific needs of the diverse populations they serve. The
participants cited integration into complex workflows, structural
costs, and reimbursement concerns as major barriers to
implementing and scaling VR use. Future studies should
augment this approach with direct observation, quantitative
measures of VR use, and direct usability assessment of the
AppliedVR platform with diverse patient populations.

Acknowledgments
We would like to thank all interviewees for participating.
This publication was supported by the Food and Drug Administration (FDA) of the US Department of Health and Human Services
(HHS) as part of a financial assistance award (Center of Excellence in Regulatory Science and Innovation Grant to University
of California, San Francisco (UCSF) and Stanford University, U01FD005978) totaling $50,000, with 50% funded by the FDA/HHS,
and $50,000, with 50% funded by a nongovernment source (AppliedVR). The contents are those of the author(s) and do not
necessarily represent the official views of, nor an endorsement by, the FDA/HHS or the US government.

Conflicts of Interest
The study team received funding from AppliedVR, but AppliedVR was not involved in data collection, interpretation, or
dissemination of findings.
Multimedia Appendix 1
https://www.jmir.org/2021/9/e26623

XSL• FO
RenderX

J Med Internet Res 2021 | vol. 23 | iss. 9 | e26623 | p.1157
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Sarkar et al

Consolidated Framework for Implementation Research (CFIR) structured interview guides for users and nonusers.
[DOCX File , 37 KB - jmir_v23i9e26623_app1.docx ]
Multimedia Appendix 2
Participant quotes.
[DOCX File , 56 KB - jmir_v23i9e26623_app2.docx ]

References
1.
2.
3.

4.

5.

6.

7.

8.

9.

10.

11.
12.
13.
14.

15.
16.
17.

18.

Carrougher GJ, Hoffman HG, Nakamura D, Lezotte D, Soltani M, Leahy L, et al. The effect of virtual reality on pain and
range of motion in adults with burn injuries. J Burn Care Res 2009;30(5):785-791 [FREE Full text] [Medline: 19692911]
Dascal J, Reid M, IsHak WW, Spiegel B, Recacho J, Rosen B, et al. Virtual reality and medical inpatients: a systematic
review of randomized, controlled trials. Innov Clin Neurosci 2017;14(1-2):14-21 [FREE Full text] [Medline: 28386517]
Spiegel B, Fuller G, Lopez M, Dupuy T, Noah B, Howard A, et al. Virtual reality for management of pain in hospitalized
patients: a randomized comparative effectiveness trial. PLoS One 2019;14(8):e0219115 [FREE Full text] [doi:
10.1371/journal.pone.0219115] [Medline: 31412029]
Wismeijer AAJ, Vingerhoets AJJM. The use of virtual reality and audiovisual eyeglass systems as adjunct analgesic
techniques: a review of the literature. Ann Behav Med 2005 Dec;30(3):268-278. [doi: 10.1207/s15324796abm3003_11]
[Medline: 16336078]
Bani Mohammad E, Ahmad M. Virtual reality as a distraction technique for pain and anxiety among patients with breast
cancer: a randomized control trial. Palliat Support Care 2019 Feb;17(1):29-34. [doi: 10.1017/S1478951518000639] [Medline:
30198451]
Matheve T, Bogaerts K, Timmermans A. Virtual reality distraction induces hypoalgesia in patients with chronic low back
pain: a randomized controlled trial. J Neuroeng Rehabil 2020 Apr 22;17(1):55 [FREE Full text] [doi:
10.1186/s12984-020-00688-0] [Medline: 32321516]
Sarig BH, Takasaki H, Chen X, Bet-Or Y, Treleaven J. Cervical kinematic training with and without interactive VR training
for chronic neck pain: a randomized clinical trial. Man Ther 2015 Feb;20(1):68-78. [doi: 10.1016/j.math.2014.06.008]
[Medline: 25066503]
Sarig Bahat H, Croft K, Carter C, Hoddinott A, Sprecher E, Treleaven J. Remote kinematic training for patients with chronic
neck pain: a randomised controlled trial. Eur Spine J 2018 Jun;27(6):1309-1323. [doi: 10.1007/s00586-017-5323-0] [Medline:
29018956]
Mosadeghi S, Reid MW, Martinez B, Rosen BT, Spiegel BMR. Feasibility of an Immersive Virtual Reality Intervention
for Hospitalized Patients: An Observational Cohort Study. JMIR Ment Health 2016 Jun 27;3(2):e28 [FREE Full text] [doi:
10.2196/mental.5801] [Medline: 27349654]
FDA identifies harm reported from sudden discontinuation of opioid pain medicines and requires label changes to guide
prescribers on gradual, individualized tapering. U.S. Food and Drug Administration. 2019 Apr 09. URL: https://www.
fda.gov/drugs/drug-safety-and-availability/
fda-identifies-harm-reported-sudden-discontinuation-opioid-pain-medicines-and-requires-label-changes [accessed 2021-08-30]
Larochelle MR, Liebschutz JM, Zhang F, Ross-Degnan D, Wharam JF. Opioid prescribing after nonfatal overdose and
association with repeated overdose. Ann Intern Med 2016 Sep 06;165(5):376. [doi: 10.7326/l16-0168] [Medline: 27595218]
Institute of Medicine (US) Committee on Advancing Pain Research, Care, and Education. Pain as a Public Health Challenge.
Washington DC: National Academies Press; 2011.
Morris LD, Louw QA, Grimmer-Somers K. The effectiveness of virtual reality on reducing pain and anxiety in burn injury
patients. Clin J Pain 2009;25(9):815-826. [doi: 10.1097/ajp.0b013e3181aaa909] [Medline: 19851164]
Shahrbanian S, Ma X, Aghaei N, Korner-Bitensky N, Simmonds M. Use of virtual reality (immersive vs. non immersive)
for pain management in children and adults: a systematic review of evidence from randomized controlled trials. Eur J Exp
Biol 2012 Jan 10;2:1408-1422.
Greenhalgh T, Robert G, MacFarlane F, Bate P, Kyriakidou O. Diffusion of innovations in service organizations: systematic
review and recommendations. Milbank Q 2004 Dec;82(4):581-629. [doi: 10.1111/j.0887-378x.2004.00325.x]
Dixon-Woods M, Bosk CL, Aveling EL, Goeschel CA, Pronovost PJ. Explaining Michigan: developing an ex post theory
of a quality improvement program. Milbank Q 2011 Jun;89(2):167-205. [doi: 10.1111/j.1468-0009.2011.00625.x]
Lyles CR, Handley MA, Ackerman SL, Schillinger D, Williams P, Westbrook M, et al. Innovative implementation studies
conducted in US safety net health care settings: a systematic review. Am J Med Qual 2019 Jun;34(3):293-306 [FREE Full
text] [doi: 10.1177/1062860618798469] [Medline: 30198304]
Nouri SS, Adler-Milstein J, Thao C, Acharya P, Barr-Walker J, Sarkar U, et al. Patient characteristics associated with
objective measures of digital health tool use in the United States: a literature review. J Am Med Inform Assoc 2020 May
01;27(5):834-841 [FREE Full text] [doi: 10.1093/jamia/ocaa024] [Medline: 32364238]

https://www.jmir.org/2021/9/e26623

XSL• FO
RenderX

J Med Internet Res 2021 | vol. 23 | iss. 9 | e26623 | p.1158
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
19.

20.

21.

22.

23.

24.

25.

26.

27.
28.

29.

30.
31.

Sarkar et al

Birckhead B, Khalil C, Liu X, Conovitz S, Rizzo A, Danovitch I, et al. Recommendations for methodology of virtual reality
clinical trials in health care by an international working group: iterative study. JMIR Ment Health 2019 Jan 31;6(1):e11973
[FREE Full text] [doi: 10.2196/11973] [Medline: 30702436]
Damschroder LJ, Aron DC, Keith RE, Kirsh SR, Alexander JA, Lowery JC. Fostering implementation of health services
research findings into practice: a consolidated framework for advancing implementation science. Implement Sci [Internet]
2009;4:50 [FREE Full text] [doi: 10.1186/1748-5908-4-50] [Medline: 19664226]
Damschroder LJ, Lowery JC. Evaluation of a large-scale weight management program using the consolidated framework
for implementation research (CFIR). Implement Sci 2013 May 10;8:51 [FREE Full text] [doi: 10.1186/1748-5908-8-51]
[Medline: 23663819]
Cilenti D, Brownson RC, Umble K, Erwin PC, Summers R. Information-seeking behaviors and other factors contributing
to successful implementation of evidence-based practices in local health departments. J Public Health Manag Pract 2012
Nov;18(6):571-576 [FREE Full text] [doi: 10.1097/PHH.0b013e31825ce8e2] [Medline: 23023282]
Garg SK, Lyles CR, Ackerman S, Handley MA, Schillinger D, Gourley G, et al. Qualitative analysis of programmatic
initiatives to text patients with mobile devices in resource-limited health systems. BMC Med Inform Decis Mak 2016
Feb;16:16 [FREE Full text] [doi: 10.1186/s12911-016-0258-7] [Medline: 26851941]
Khoong EC, Cherian R, Smith DE, Schillinger D, Wolf MS, Sarkar U. Implementation of patient-centered prescription
labeling in a safety-net ambulatory care network. Am J Health Syst Pharm 2018 Aug 15;75(16):1227-1238. [doi:
10.2146/ajhp170821] [Medline: 29950392]
Kirk MA, Kelley C, Yankey N, Birken SA, Abadie B, Damschroder L. A systematic review of the use of the Consolidated
Framework for Implementation Research. Implement Sci 2016 May 17;11:72 [FREE Full text] [doi:
10.1186/s13012-016-0437-z] [Medline: 27189233]
Zulman DM, Damschroder LJ, Smith RG, Resnick PJ, Sen A, Krupka EL, et al. Implementation and evaluation of an
incentivized Internet-mediated walking program for obese adults. Transl Behav Med 2013 Dec;3(4):357-369. [doi:
10.1007/s13142-013-0211-6] [Medline: 24294324]
Lewin ME, Altman S, editors. America’s Health Care Safety Net: Intact but Endangered. Washington, D.C: National
Academies Press; 2000.
Lyles CR, Aulakh V, Jameson W, Schillinger D, Yee H, Sarkar U. Innovation and transformation in California's safety net
health care settings: an inside perspective. Am J Med Qual 2014;29(6):538-545 [FREE Full text] [doi:
10.1177/1062860613507474] [Medline: 24170938]
Jha AK, DesRoches CM, Shields AE, Miralles PD, Zheng J, Rosenbaum S, et al. Evidence of an emerging digital divide
among hospitals that care for the poor. Health Aff (Millwood) 2009 Nov;28(6):w1160-w1170. [doi:
10.1377/hlthaff.28.6.w1160] [Medline: 19858142]
Moore SL, Fischer I, Havranek EP. Translating health services research into practice in the safety net. Health Serv Res
2016 Feb;51(1):16-31 [FREE Full text] [doi: 10.1111/1475-6773.12341] [Medline: 26646189]
Lyles CR, Nelson EC, Frampton S, Dykes PC, Cemballi AG, Sarkar U. Using electronic health record portals to improve
patient engagement: research priorities and best practices. Ann Intern Med 2020 Jun 02;172(11 Suppl):S123-S129 [FREE
Full text] [doi: 10.7326/M19-0876] [Medline: 32479176]

Abbreviations
CFIR: Consolidated Framework for Implementation Research
IT: information technology
UCSF: University of California, San Francisco
VR: virtual reality

Edited by R Kukafka, G Eysenbach; submitted 18.12.20; peer-reviewed by B Spiegel, A Tapuria; comments to author 18.01.21; revised
version received 26.01.21; accepted 25.05.21; published 22.09.21.
Please cite as:
Sarkar U, Lee JE, Nguyen KH, Lisker S, Lyles CR
Barriers and Facilitators to the Implementation of Virtual Reality as a Pain Management Modality in Academic, Community, and
Safety-Net Settings: Qualitative Analysis
J Med Internet Res 2021;23(9):e26623
URL: https://www.jmir.org/2021/9/e26623
doi:10.2196/26623
PMID:34550074

https://www.jmir.org/2021/9/e26623

XSL• FO
RenderX

J Med Internet Res 2021 | vol. 23 | iss. 9 | e26623 | p.1159
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Sarkar et al

©Urmimala Sarkar, Jane E Lee, Kim H Nguyen, Sarah Lisker, Courtney R Lyles. Originally published in the Journal of Medical
Internet Research (https://www.jmir.org), 22.09.2021. This is an open-access article distributed under the terms of the Creative
Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and
reproduction in any medium, provided the original work, first published in the Journal of Medical Internet Research, is properly
cited. The complete bibliographic information, a link to the original publication on https://www.jmir.org/, as well as this copyright
and license information must be included.

https://www.jmir.org/2021/9/e26623

XSL• FO
RenderX

J Med Internet Res 2021 | vol. 23 | iss. 9 | e26623 | p.1160
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

AshaRani et al

Original Paper

Readiness and Acceptance of eHealth Services for Diabetes Care
in the General Population: Cross-sectional Study
PV AshaRani1, PhD; Lau Jue Hua1, BSc; Kumarasan Roystonn1, MSc; Fiona Devi Siva Kumar1, BSc; Wang Peizhi1,
MPH; Soo Ying Jie1, BSc; Saleha Shafie1, BSocSci; Sherilyn Chang1, BSocSci; Anitha Jeyagurunathan1, MPhil; Chua
Boon Yiang1, MSc; Edimansyah Abdin1, PhD; Janhavi Ajit Vaingankar1, MSc; Chee Fang Sum2, MBBS; Eng Sing
Lee3, PhD; Siow Ann Chong1, MBBS, MMed; Mythily Subramaniam1,4, PhD
1

Research Division, Institute of Mental Health, Singapore, Singapore

2

Admiralty Medical Centre, Khoo Teck Puat Hospital, Singapore, Singapore

3

Clinical Research Unit, National Healthcare Group Polyclinics, Singapore, Singapore

4

Saw Swee Hock School of Public Health, National University of Singapore, Singapore, Singapore

Corresponding Author:
PV AshaRani, PhD
Research Division
Institute of Mental Health
10 Buangkok View
Singapore, 539747
Singapore
Phone: 65 63892961
Email: asharani_pezhummoottil_vasudevan_n@imh.com.sg

Abstract
Background: Diabetes management is a growing health care challenge worldwide. eHealth can revolutionize diabetes care, the
success of which depends on end user acceptance.
Objective: This study aims to understand the readiness and acceptance of eHealth services for diabetes care among the general
population, perceived advantages and disadvantages of eHealth, and factors associated with eHealth readiness and acceptance in
a multiethnic Asian country.
Methods: In this cross-sectional epidemiological study, participants (N=2895) were selected through disproportionate stratified
random sampling from a population registry. Citizens or permanent residents of Singapore aged >18 years were recruited. The
data were captured through computer-assisted personal interviews. An eHealth questionnaire was administered in one of four
local languages (English, Chinese, Malay, or Tamil), as preferred by the participant. Bivariate chi-square analyses were performed
to compare the sociodemographic characteristics and perception of advantages and disadvantages of eHealth services between
the diabetes and nondiabetes groups. Multivariable logistic regression models were used to determine factors associated with
eHealth readiness and acceptance. All analyses were weighted using survey weights to account for the complex survey design.
Results: The sample comprised participants with (n=436) and without (n=2459) diabetes. eHealth readiness was low, with
47.3% of the overall sample and 75.7% of the diabetes group endorsing that they were not ready for eHealth (P<.001). The most
acceptable eHealth service overall was booking appointments (67.4%). There was a significantly higher preference in the diabetes
group for face-to-face sessions for consultation with the clinician (nondiabetes: 83.5% vs diabetes: 92.6%; P<.001), receiving
prescriptions (61.9% vs 79.3%; P<.001), referrals to other doctors (51.4% vs 72.2%; P<.001), and receiving health information
(34% vs 63.4%; P<.001). The majority of both groups felt that eHealth requires users to be computer literate (90.5% vs 94.3%),
does not build clinician-patient rapport compared with face-to-face sessions (77.5% vs 81%), and might not be credible (56.8%
vs 64.2%; P=.03). Age (≥35 years), ethnicity (Indian), and lower education status had lower odds of eHealth readiness. Age (≥35
years), ethnicity (Indian), lower education status (primary school), BMI (being underweight), and marital status (being single)
were associated with a lower likelihood of eHealth acceptance. Among only those with diabetes, a longer duration of diabetes
(4-18 years), higher education (degree or above), and younger age (23-49 years) were associated with eHealth readiness, whereas
younger age and income (SGD 2000-3999 [US $1481-$2961]) were associated with acceptance.
Conclusions: Overall, an unfavorable attitude toward eHealth was observed, with a significantly higher number of participants
with diabetes reporting their unwillingness to use these services for their diabetes care. Sociodemographic factors associated with
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acceptance and readiness identified a group of people who were unlikely to accept the technology and thus need to be targeted
for eHealth literacy programs to avoid health care disparity.
International Registered Report Identifier (IRRID): RR2-10.1136/bmjopen-2020-037125
(J Med Internet Res 2021;23(9):e26881) doi:10.2196/26881
KEYWORDS
eHealth; diabetes; general population; acceptance; readiness

Introduction
Background
Diabetes has significant social and economic consequences
globally [1]. The prevalence of diabetes increased from 422
million in 2016 [1] to 463 million in 2019 [2], despite innovative
disease prevention strategies [1]. This number is estimated to
increase by 51% (to 700 million) by 2045 [2], which will lead
to higher consumption of health care services [3]. Health care
systems are not equipped to manage such a surge in the number
of cases [4] and are expected to face additional challenges in
the coming years, as a shortage of trained staff is expected
because of falling birth rates [5]. The geographical isolation of
people living in remote areas is another challenge for health
care delivery [6]. This situation calls for a change in the way
patients are managed without compromising the quality of health
care services.
eHealth is defined by the World Health Organization as a
“cost-effective and secure use of information technology in
health-related fields: health care services, health surveillance,
health literature, and health education, knowledge and research”
[7]. Patients with diabetes require regular monitoring of their
blood glucose levels, diet, physical activities, and medications
to achieve glycemic control [8,9], which will reduce their risk
of mortality and cardiovascular complications [10]. eHealth
offers diverse treatments and management options in a
cost-effective manner to facilitate these requirements [11] and
thus allows both clinicians and patients to manage the disease
efficiently in a collaborative manner. A meta-analytic review
of 18 randomized controlled trials showed a significant reduction
in glycated hemoglobin and better glycemic control in
participants using eHealth compared with those monitored
through routine methods [12]. Pereira et al [13] reviewed the
literature on the delivery of health education through eHealth
and concluded that the technology delivered better outcomes
in terms of efficient management of diabetes. eHealth platforms
can also be used for promoting a healthy lifestyle in patients
with diabetes by facilitating exercise lessons through video
games or other virtual environments [14,15]. Apart from the
remote management of diseases, eHealth also offers services
such as electronic prescriptions, referrals, teleconsulting, and
health education. Thus, eHealth empowers patients to manage
their disease and make decisions on their health care remotely,
without the need to travel to hospitals.
An individual’s decision to use or accept a technology is based
on their perception of usefulness and ease of use, which shapes
their attitude toward eHealth and intention to use the technology
(Technology Acceptance Model). A positive attitude is an
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antecedent to intention or readiness to use the service. Thus, by
modifying the perception of usefulness and ease of use,
acceptance can be improved [16,17]. Hossain et al [17] reported
that a positive attitude toward eHealth, perceived effectiveness,
and access to cell phones were associated with eHealth
acceptance in developing countries. The authors also showed
that a positive attitude toward technology increased the odds of
acceptance by 4.5-fold and reported that sociodemographic
factors such as age, gender, and education have a significant
influence on this choice. A study of patients with chronic
respiratory disease reported higher acceptance of eHealth
services for booking appointments, accessing laboratory results,
educational purposes, and receiving e-prescriptions, than
acceptance of eHealth for treatment-related services such as
contact with the health care team and referrals to other clinicians
[18]. The likelihood of acceptance was dependent on the
duration of the disease, age, and education. A subsequent
large-scale study from the author further confirmed that
education and perceived usefulness determined eHealth
acceptance [19]. Thus, the role of sociodemographic
determinants, perception of usefulness, and ease of use in
eHealth acceptance is irrefutable.
Although significant efforts have been made to study the
efficacy of eHealth programs in cohort studies, there is a dearth
of literature on the demographics and attitude-related disparity
between members of the general population who have or do not
have diabetes. In addition, many of the research studies gathered
data from people who had already used specific services to
assess the extent of user experience. The expectations and
attitudes of those who had never used the technology were not
addressed. These perspectives are imperative in the coming era,
where the growing demand for health care services will prompt
organizations to leverage eHealth for cost-effectiveness and
efficient delivery of care. To date, no studies have been
conducted at the population level to understand the readiness,
acceptability, and attitudes of the general public toward eHealth
services for diabetes care. eHealth was one of the most
sought-after technologies in the COVID-19 pandemic phase,
where many countries tried to deliver diabetes care through
eHealth [20]. However, the patients were unwilling to accept
the platform even in countries that had an integrated eHealth
framework. The most accepted eHealth service is receiving
prescriptions for insulin and other medications [20]. Thus, these
data clearly show that understanding the readiness and
acceptance of eHealth is critical in the future to manage health
care services during pandemics.

Objectives
The objective of this study is to understand the (1) readiness
and acceptance of eHealth services among the general
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population (with and without diabetes) at a national level, (2)
perceived advantages and disadvantages of eHealth services,
and (3) sociodemographic and clinical factors associated with
eHealth readiness and acceptance. This will help organizations
to consider various factors that stem from the patient’s needs
or concerns when implementing eHealth services to avoid
technology failure.

Methods
Participants
The detailed methodology of this study has been reported
previously [21]. This study was part of a nationwide
cross-sectional survey that was intended to understand the
knowledge, attitude, and practices of the general public toward
diabetes. Participants from the general public were randomly
selected from a population registry database of Singapore
comprising permanent residents and citizens through
disproportionate random sampling (ethnicity and age). Surveys
were conducted face-to-face by trained interviewers.

Eligibility
Participants who were aged ≥18 years; who were citizens or
permanent residents of Singapore; and who could understand
English, Chinese, Malay, or Tamil were recruited. Those who
were nonresidents or noncitizens, incapable of doing an
interview, living outside the country, or institutionalized during
the entire survey period were excluded from the study.

Sample Size
Sample size calculation has been reported previously [21].
Briefly, the power calculations were based on the prevalence
rates of knowledge in the general public and included
calculations for binary proportions to determine overall sample
sizes as well as those for subgroups to produce a margin of error
of ≤0.05. A statistical power of 0.8 was targeted with the type
1 error limited to α of .05. The sample size was adjusted to
accommodate deviations owing to random sampling. The study
used 16 strata: four for ethnicity (Chinese, Malay, Indian, and
others) and four for age groups (18-34 years, 35-49 years, 50-64
years, and ≥65 years). The sample was drawn in six replicates
(total 5698) released at different intervals starting in February
2019. A target sample of 3000 was estimated to be sufficient
to understand the knowledge, attitude, and practices of the
general public. The study closed recruitment in September 2020
with a final response rate (total completed interviews / [total
number of sample – eligible cases]) of 66.2%. The eligibility
rate was 76.8%. The reasons for ineligibility included death,
institutionalization (eg, incarceration), residing outside the
country during the survey period, uncontactable, severe physical
or mental condition that interfered with participation, and
language barriers.

Procedure
An invitation letter was sent to all participants 1 to 2 weeks
before the intended home visit by a trained interviewer. The
trained interviewer approached the households and captured the
responses via computer-assisted personal interviews in a
language preferred by the participant (English, Chinese, Malay,
https://www.jmir.org/2021/9/e26881
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or Tamil). Regular quality checks were conducted on the data
collected [21]. Written consent was obtained from all the
participants before the survey. All study procedures were
conducted in accordance with the ethical guidelines (Domain
Specific Review Board reference 2018/00430). The study was
suspended during the circuit breaker (heightened safe distancing
measures that were implemented to prevent the spread of the
virus. This included closure of schools, workplaces, other
venues, and avoidance of interaction with those who do not live
together) period in response to the pandemic (March 2020 to
July 2020) and restarted in August 2020 with interviewers and
respondents adhering to safe distancing measures and mask
policy.

Questionnaire
Sociodemographic Questionnaire
The information collected included age (as of last birthday),
gender, ethnicity, employment status, educational qualification,
average monthly personal income (including all allowances
over the past 12 months), average household income, height,
weight, BMI, and marital status.

Diabetes Questionnaire
The participants were asked two questions to ascertain their
diabetes status: (1) “Have you ever been told by a doctor that
you have Diabetes?” The response options were “yes,” “no,”
or “I don’t know.” Those who answered “yes” were further
probed with question (2) “What type of diabetes do you have?”
The response options were “type 1 diabetes,” “type 2 diabetes,”
“gestational diabetes,” “others,” and “I don’t know.” This
analysis of the diabetes group included those who endorsed type
1 or type 2 diabetes.

eHealth Questionnaire
The eHealth questionnaire was administered after introducing
the concept as “eHealth services refers to health care services
(eg, Health Hub) delivered through internet which includes
programmes such as online appointment booking, online
prescription, online consultation with nurse/doctor/therapist,
internet-based support programmes, online referrals, etc.”
Readiness
The readiness of the participants toward eHealth was assessed
using a single statement, “I am not ready for eHealth.”
Participants were asked to indicate the extent to which they
agreed or disagreed with this statement. The responses were
captured on a 5-point scale from “strongly agree” to “strongly
disagree” with an option for “neutral” in the middle. For the
regression analysis, the responses were grouped as “not ready”
(ie, strongly agree or agree) versus “ready” (ie, neutral, strongly
disagree, or disagree).
Acceptability
Acceptability of eHealth was assessed using two items: (1) “If
you seek treatment for diabetes would you seek treatment
delivered via the internet?” The responses were captured as five
different options ranging from “definitely would” and “possibly
would” to “definitely wouldn’t,” “definitely wouldn’t,” and
“not sure.” For the logistic regression analysis,
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“definitely/possibly would” was combined into one category,
“definitely/possibly wouldn’t” was subsumed into another group,
and those who indicated “not sure” (n=95) were removed from
the analyses. (2) The acceptance of specific health services was
assessed using a stem question, which asked, “Overall, which
type of service would you prefer to use if you experience
diabetes-related health problems?” The services listed included
consultation, receiving prescriptions, booking appointments,
receiving health information, and referrals to other clinicians.
The participants were asked to indicate their preferred methods
to each listed service with one of the three response options
“face-to-face,” “eHealth,” or “both eHealth and face-to-face.”
Perceived Advantages and Disadvantages of eHealth
This construct was captured using a series of statements with
response options ranging from “strongly agree” to “strongly
disagree” with an option for “neutral” in the middle (5-point
scale). The items included “internet-based treatments” (1) are
more convenient (do not have to travel to the clinic and can
access anywhere), (2) save time, (3) are cost-saving, (4) ensure
privacy and anonymity (personal information is kept
confidential), (5) save from embarrassment related to
face-to-face consultation, (6) might not be helpful for my health
condition, (7) do not build clinician-patient rapport of
face-to-face session, (8) require users to be computer literate,
and (9) might not be credible. For bivariate chi-square analyses,
the responses were grouped into three groups: strongly agree
or agree, neutral, and strongly disagree or disagree.

Chronic Conditions Checklist
The chronic conditions checklist [22] captured 18 different
chronic conditions (physical illnesses such as asthma, diabetes,
stroke or major paralysis, high blood pressure, hyperlipidemia,
arthritis or rheumatism, cancer, neurological conditions such
as epilepsy or convulsions, Parkinson disease, congestive heart
failure, heart diseases, back problems including disk or spine,
stomach ulcer, chronic inflamed bowel, enteritis or colitis,
thyroid diseases, kidney failure, migraine headaches, and chronic
lung diseases [chronic bronchitis and emphysema]). The
participants were asked to respond “yes” or “no” if they have
ever been diagnosed with the condition. Diabetes, although
captured in the list, was excluded when the number of chronic
conditions was tabulated. The total number of chronic conditions
was then grouped into no chronic diseases, one chronic disease,
and two or more chronic diseases. The duration of each disease
could be calculated through an additional question that asks,
“How old were you when you were diagnosed?” However, only
the duration of diabetes was used in this study. The quartile
values were used for grouping the duration of diabetes into four
categories (<4 years, 4-9 years, 10-18 years, and ≥19 years).

Analysis
To ensure the representativeness of the data to the general
population, the following weights were used in the analysis:
design weights to account for oversampling, poststratification
weights for adjusting age and ethnicity distributions, and
nonresponse weights. All statistical analyses were performed
using Stata MP version 15 (StataCorp LLC), and all descriptive,
chi-square, and regression analyses were weighted using survey
weights to account for the complex survey design. Descriptive
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analysis was performed for the variables, and the data were
represented as the frequency and weighted percentage of the
events. First, bivariate chi-square analyses were performed to
compare the sociodemographic characteristics of the diabetes
and nondiabetes groups. Second, bivariate chi-square analyses
were also conducted to examine how the diabetes and
nondiabetes groups differed from each other in terms of the
perceived advantages or disadvantages of eHealth. Third, within
the full sample, multivariable logistic regression analyses
(multiple predictor variables and a single binary outcome
variable) were then conducted to determine significant
sociodemographic factors (ie, age, gender, ethnicity, education,
marital status, monthly personal income, employment, BMI,
diabetes diagnosis, and chronic physical conditions) associated
with readiness for eHealth (ready vs not ready) and acceptance
of eHealth (would not vs would accept). The estimated odds
ratios (ORs) for each predictor variable of the multivariable
regression models were adjusted for other observable variables
or potential confounders entered within the model. Finally, to
examine the sociodemographic variables associated with
readiness or acceptance within individuals with diabetes, a series
of bivariate chi-square or Mann-Whitney U analyses were
conducted before the estimation of multivariable logistic
regression models. Owing to the limited sample size of
individuals who endorsed having diabetes, only variables that
showed a significant association in the aforementioned bivariate
chi-square analyses were included in the final multivariable
logistic models. Missing, refused, or do not know responses
were removed listwise, as is the default in multivariable logistic
regression models and bivariate chi-square analyses.

Results
Sociodemographic Characteristics of the Sample
In total, 2895 participants were recruited from the general
population (screened=5698; response rate 66.2%; eligibility
rate 76.8%), of which 15.06% (436/2895) had diabetes, whereas
the 84.94% (2459/2895) did not have diabetes. An
approximately equal number of all age groups, gender, and
ethnicity (Multimedia Appendix 1, Table S1) were recruited.
Most participants were married (61.7%) and employed (70.5%).
Of the participants, 47.6% had no other chronic illnesses
(excluding diabetes), 27.3% had at least one chronic disease,
and 24.9% had multiple comorbidities (two or more chronic
diseases). Detailed information is presented in Multimedia
Appendix 1, Table S1. The diabetes and nondiabetes groups
differed significantly in most of the characteristics analyzed
(P<.001).

Readiness and Acceptance Toward eHealth
Nearly half of the participants acknowledged that they were not
ready for eHealth (47.3%). Readiness varied significantly
between the nondiabetes and diabetes samples, with the latter
showing significantly lower readiness (Table 1; 54.9% vs 24%;
P<.001). A lower acceptance level toward eHealth was observed
overall (28%), with the majority (68.4%) unwilling to use
eHealth for diabetes care. The diabetes group showed
significantly lower acceptance (12.1%) than the nondiabetes
group (29.6%; P<.001).
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Table 1. Readiness toward eHealth and acceptability of eHealth services for diabetes care.
Response categories

Overall (N=2895)

Nondiabetes (n=2459)

Diabetes (n=436)

Readiness toward eHealth technology (“I am not ready for eHealth”), n (%)a

P value
<.001

Not ready

1460 (47.3)

1132 (44.4)

328 (75.7)

Ready

1419 (52.1)

1314 (54.9)

105 (24)

Do not know or refusedb

16 (0.6)

13 (0.7)

3 (0.3)

Acceptance of eHealth for diabetes care (“If you seek treatment for diabetes, would you seek treatment delivered via internet?”), <.001
n (%)

a

Definitely or possibly would

692 (28)

642 (29.6)

50 (12.1)

Definitely or possibly wouldn't

2100 (68.4)

1733 (67.1)

367 (81.8)

Not sureb

95 (3.3)

78 (3)

17 (5.9)

Do not know or refused

8 (0.3)

6 (0.3)

2 (0.2)

Weighted percentage.

b

Do not know or refused or not sure options were not included in the bivariate chi-square analysis.

Acceptance Toward Specific eHealth Services
A strong preference for face-to-face sessions over eHealth was
observed, especially among the diabetes group for most of the
services studied. eHealth services were acceptable for the
majority of the participants (overall sample, Table 2) for booking
appointments (eHealth only: 33.3%; both eHealth or
face-to-face: 34.1%) and for receiving health information
(eHealth only: 23%; both: 39.8%). Although the nondiabetes
group had roughly the same general acceptance level as the
overall sample for eHealth, the diabetes group differed
significantly in their acceptance rates, preferring face-to-face
services (eg, 55.7% for booking appointments and 63.4% for
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receiving health information; P<.001). Acceptance was lower
for other services in the overall sample, such as receiving
prescriptions for medications (eHealth: 11.3%; both: 24.8%),
consultation with clinicians (eHealth only: 1.3%; both: 13.9%),
and receiving referral to other doctors (eHealth only: 13.2%;
both: 33%). The diabetes group reported significantly lower
acceptance rates for all of the previously mentioned services
than the nondiabetes group (P<.001). A strong preference for
face-to-face services was observed for consultation with
clinicians, with 92.6% of the diabetes group preferring
face-to-face consultation sessions, compared with 83.5% of the
nondiabetes group (P<.001).

J Med Internet Res 2021 | vol. 23 | iss. 9 | e26881 | p.1165
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

AshaRani et al

Table 2. Comparison of acceptance of various eHealth services between diabetes and nondiabetes groups.
Response categories

Overall

Nondiabetes

Diabetes

Booking appointment, n (%)

<.001

Face-to-face only

1076 (32.1)

794 (29.7)

282 (55.7)

eHealth only

854 (33.3)

800 (35.6)

54 (10.8)

Both

953 (34.1)

858 (34.3)

95 (31.4)

Do not know, refused, or missinga

12 (0.5)

7 (0.3)

5 (2.1)

Getting prescriptions, n (%)

<.001

Face-to-face only

1957 (63.5)

1599 (61.9)

358 (79.3)

eHealth only

280 (11.3)

259 (11.7)

21 (6.4)

Both

648 (24.8)

595 (26.0)

53(13.1)

Do not know, refused, or missing

10 (0.4)

6 (0.3)

4 (1.2)

Consultation, n (%)

<.001

Face-to-face only

2521 (84.3)

2118 (83.5)

403 (92.6)

eHealth only

34 (1.3)

33 (1.5)

1 (0.1)

Both

329 (13.9)

301 (14.7)

28 (6.1)

Do not know, refused, or missing

11 (0.4)

7 (0.3)

4 (1.2)

Health information, n (%)

<.001

Face-to-face only

1262 (36.7)

955 (34)

307 (63.4)

eHealth only

588 (23)

555 (24.4)

33 (8.6)

Both

1033 (39.8)

942 (41.2)

91 (25.9)

Do not know, refused, or missing

12 (0.5)

7 (0.3)

5 (2.1)

Referrals to other doctors, n (%)

a

P value

<.001

Face-to-face only

1704 (53.3)

1359 (51.4)

345 (72.2)

eHealth only

377 (13.2)

356 (14.2)

21 (3.6)

Both

801 (33.0)

735 (34)

66 (23)

Do not know, refused, or missing

13 (0.5)

9 (0.5)

4 (1.2)

Do not know or refused options and missing data were not included in the bivariate chi-square analysis.

Perceived Advantages and Disadvantages of eHealth
The most common disadvantages cited were the requirement
of computer literacy to use the eHealth service (90.8%; Figure
1), followed by the perception that eHealth did not build
clinician-patient rapport in comparison with the face-to-face
sessions (77.8%), lack of confidence about the credibility of
the eHealth services (57.5%), and the appropriateness of the
eHealth services for their specific medical condition (48.7%).
A significantly higher proportion of the diabetes group perceived
the credibility of the eHealth services (64.2%) and
appropriateness of the app for their specific medical condition
(62.3%) as disadvantages compared with the nondiabetes group
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(56.8% and 47.4%, respectively). As a whole, the advantages
cited included (1) eHealth services save time (79.8%; Figure
2), (2) it was more convenient than face-to-face sessions
(62.5%), and (3) it was cost-saving (61.8%). Overall, the
diabetes group perceived significantly lower advantages than
the nondiabetes group, except that eHealth ensured anonymity
and privacy. Nearly half of the participants in the diabetes
(49.8%) and nondiabetes groups (47.6%) reported that eHealth
ensures privacy and anonymity. Participants who showed
acceptance (endorsed definitely or possibly would use the
service) perceived the advantages significantly higher than those
with lower acceptance (P<.001; Multimedia Appendix 1, Table
S2).
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Figure 1. Disadvantages of eHealth reported by the participants. The asterisk represents statistically significant values (P<.05).

Figure 2. Advantages of eHealth as reported by the participants. Statistical significance is marked with asterisk (*P<.05; **P<.001).

Factors Associated With eHealth Readiness and
Acceptance
Factors Associated With eHealth Readiness
Frequencies and weighted percentage counts between
sociodemographic variables and readiness toward eHealth are
presented in Multimedia Appendix 1, Table S3. The results of
the logistic regression analyses are presented in Table 3. The
results indicated that age, ethnicity, and education status were
https://www.jmir.org/2021/9/e26881
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associated with eHealth readiness (Multimedia Appendix 1,
Table S3 for bivariate analysis). Older adults (aged ≥35 years)
had lower odds of endorsing readiness for eHealth than those
aged 18-34 years (P<.001). With regard to ethnicity, Indians
had lower odds of eHealth readiness (OR 0.71, 95% CI
0.54-0.94; P=.02) than individuals of Chinese ethnicity. Those
with primary school education or below (OR 0.24, 95% CI
0.14-0.44; P<.001) and secondary school education (OR 0.48,
95% CI 0.31-0.75; P=.001) had lower odds of eHealth readiness
than those who had completed a degree or above.
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Table 3. Factors affecting eHealth readiness.
Odds ratioa (95% CI)

P value

18-34 (reference)

—b

—

35-49

0.29 (0.19-0.45)

<.001

50-64

0.14 (0.08-0.22)

<.001

≥65

0.05 (0.03-0.11)

<.001

Female (reference)

—

—

Male

1.24 (0.93-1.66)

.14

Chinese (reference)

—

—

Malay

1.27 (0.95-1.69)

.10

Indian

0.71 (0.54-0.94)

.02

Others

1.40 (0.89-2.21)

.15

Primary and below

0.24 (0.14-0.44)

<.001

Secondary school

0.48 (0.31-0.75)

.001

Preuniversity or junior college

1.04 (0.54-2.02)

.90

Vocational institute or Institute of Technical Education

0.84 (0.47-1.50)

.56

Diploma

0.98 (0.64-1.49)

.92

Degree, professional certification, and above (reference)

—

—

Single

0.92 (0.60-1.39)

.68

Married or cohabiting (reference)

—

—

Divorced or separated

0.71 (0.34-1.47)

.35

Widowed

1.30 (0.55-3.07)

.55

Employed (reference)

—

—

Economically inactive

0.85 (0.55-1.34)

.49

Unemployed

0.98 (0.48-2.01)

.95

Below 2000 (1481; reference)

—

—

2000-3999 (1481-2960)

0.97 (0.66-1.42)

.86

4000-5999 (2961-4441)

1.07 (0.64-1.77)

.80

6000-9999 (4442-7402)

1.48 (0.80-2.74)

.21

≥10,000 (7403)

1.98 (0.97-4.04)

.06

No income

1.07 (0.57-2.01)

.82

Underweight

1.06 (0.56-2.00)

.85

Normal range (reference)

—

—

Overweight

0.75 (0.55-1.04)

.08

Obese

1.16 (0.76-1.78)

.50

Sociodemographic factors
Age group (years)

Gender

Ethnicity

Education

Marital status

Employment

Monthly income in SGD (US $)

BMI
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Odds ratioa (95% CI)

P value

No diabetes (reference)

—

—

Has diabetes

0.73 (0.46-1.16)

.18

No chronic diseases (reference)

—

—

One chronic disease

0.80 (0.58-1.13)

.20

Two or more chronic diseases

1.11 (0.77-1.59)

.57

Sociodemographic factors
Diabetes diagnosis

Number of chronic conditions (excluding diabetes)

a

Odds ratio >1 indicates higher likelihoods of endorsing readiness for eHealth.

b

Values not estimated for reference groups.

Factors Associated With eHealth Acceptance
Compared with younger adults (aged 18-34 years), adults in
older age groups (aged ≥35 years) were less likely to accept
eHealth in the overall sample (Table 4). Indians had lower odds
of accepting eHealth (OR 0.54, 95% CI 0.41-0.72; P<.001) than
Chinese participants. Those who were single (OR 0.62, 95%
CI 0.42-0.91; P=.01) were less likely to accept eHealth than
those who were married or cohabiting. Those with a
preuniversity or junior college education (OR 1.90, 95% CI
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1.03-3.51; P=.04) were more likely to accept eHealth than those
with degrees and above. In contrast, those with primary and
lower education levels (OR 0.39, 95% CI 0.21-0.75; P=.01)
were less likely to accept eHealth. People with no income were
more likely to accept eHealth than those with income below
SGD 2000 (US $1481; OR 1.88, 95% CI 1.06-3.34; P=.03).
Compared with those with normal BMI, those underweight were
less likely to accept eHealth (OR 0.47, 95% CI 0.27-0.83;
P=.01). A detailed table with results from the bivariate analysis
can be found in Multimedia Appendix 1, Table S4.
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Table 4. Multivariable logistic regression model examining factors associated with eHealth acceptance within the overall sample.
Odds ratioa (95% CI)

P value

18-34 (reference)

—-b

—

35-49

0.56 (0.38-0.85)

.01

50-64

0.31 (0.19-0.51)

<.001

≥65

0.10 (0.05-0.22)

<.001

Female (reference)

—

—

Male

1.24 (0.93-1.65)

.15

Chinese (reference)

—

—

Malay

1.06 (0.79-1.42)

.70

Indian

0.54 (0.41-0.72)

<.001

Others

0.73 (0.47-1.14)

.17

Primary and below

0.39 (0.21-0.75)

.01

Secondary school

0.69 (0.43-1.09)

.11

Preuniversity or junior college

1.90 (1.03-3.51)

.04

Vocational institute or Institute of Technical Education

0.57 (0.31-1.05)

.07

Diploma

1.11 (0.73-1.68)

.62

Degree, professional certification, and above (reference)

—

—

Single

0.62 (0.42-0.91)

.01

Married or cohabiting (reference)

—

—

Divorced or separated

0.66 (0.30-1.42)

.28

Widowed

0.98 (0.33-2.93)

.97

Employed (reference)

—

—

Economically inactive

0.79 (0.51-1.24)

.31

Unemployed

1.10 (0.58-2.10)

.77

Below 2000 (1481; reference)

—

—

2000-3999 (1481-2960)

0.87 (0.58-1.31)

.51

4000-5999 (2961-4441)

0.73 (0.43-1.24)

.24

6000-9999 (4442-7402)

0.57 (0.31-1.08)

.08

≥10,000 (7403)

1.88 (0.92-3.86)

.08

No income

1.88 (1.06-3.34)

.03

Underweight

0.47 (0.27-0.83)

.01

Normal range (reference)

—

—

Overweight

0.75 (0.54-1.04)

.09

Obese

0.67 (0.41-1.07)

.10

Sociodemographic variables
Age group (years)

Gender

Ethnicity

Education

Marital status

Employment

Monthly income in SGD (US $)

BMI
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Odds ratioa (95% CI)

P value

No diabetes (reference)

—

—

Has diabetes

0.65 (0.36-1.18)

.16

No chronic diseases (reference)

—

—

One chronic disease

0.76 (0.55-1.06)

.11

Two or more chronic diseases

1.30 (0.88-1.90)

.19

Sociodemographic variables
Diabetes diagnosis

Number of chronic conditions (excluding diabetes)

a

Odds ratio >1 indicates higher likelihood of accepting eHealth.

b

Values not estimated for reference groups.

Factors Associated With eHealth Readiness and
Acceptance in Diabetes Subgroup
The frequencies of diabetes and sociodemographic variables
and bivariate chi-square analyses are included in Tables S5 and
S6 of Multimedia Appendix 1. Only significant correlates were
entered into the final multivariate logistic regression model.
Age, education status, and duration of diabetes were
significantly associated with eHealth readiness in the diabetes
group (Table 5). Those aged 50-64 years (OR 0.08, 95% CI
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0.03-0.19; P<.001) and ≥65 years (OR 0.06, 95% CI 0.02-0.17;
P<.001) showed lower odds of eHealth readiness compared
with those aged 23-49 years. Participants with a diploma had
lower odds of eHealth readiness (OR 0.21, 95% CI 0.06-0.76;
P=.02) than those with an education level of degree or above.
Those with a longer duration of diabetes had higher odds of
readiness (4-9 years: OR 2.94, 95% CI 1.07-8.05, P=.04; 10-18
years: OR 4.03, 95% CI 1.46-11.18, P=.007) than those with
<4 years of disease duration.
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Table 5. Multivariable logistic regression model examining factors associated with eHealth readiness within the diabetes sample.
Odds ratioa (95% CI)

P value

23-49 (reference)

—b

—

50-64

0.08 (0.03-0.19)

<.001

≥65

0.06 (0.02-0.17)

<.001

Chinese (reference)

—

—

Malay

0.98 (0.38-2.51)

.96

Indian

0.88 (0.39-1.98)

.76

Others

1.64 (0.39-6.90)

.50

Primary and below

0.28 (0.07-1.09)

.07

Secondary

0.40 (0.10-1.60)

.19

Preuniversity or junior college

0.62 (0.11-3.52)

.59

Vocational institute or Institute of Technical Education

1.44 (0.31-6.62)

.64

Diploma

0.21 (0.06-0.76)

.02

Degree, professional qualification, and above (reference)

—

—

Single

2.18 (0.74-6.37)

.16

Married or cohabiting (reference)

—

—

Separated or widowed or divorced

0.74 (0.18-3.01)

.68

Employed (reference)

—

—

Economically inactive

0.51 (0.15-1.77)

.29

Unemployed

0.57 (0.17-1.91)

.36

<4 (reference)

—

—

4-9

2.94 (1.07-8.05)

.04

10-18

4.03 (1.46-11.18)

.01

≥19

2.45 (0.73-8.27)

.15

Sociodemographic factors
Age (years)

Ethnicity

Education

Marital status

Employment

Duration of diabetes (years)

a

Odds ratio >1 indicates higher likelihood of endorsing readiness for eHealth.

b

Values not estimated for reference groups.

Age and income were associated with eHealth acceptance and
rejection in the diabetes sample (Table 6). Those aged 50-64
years (OR 0.24, 95% CI 0.08-0.75; P=.02) had higher odds of
rejecting eHealth than those aged 23-49 years. Compared with
the participants with income below SGD 2000 (US $1481),
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those with incomes between SGD 4000 (US $2961) and SGD
3999 (US $2960) were more likely to accept eHealth (OR 7.17,
95% CI 1.61-31.95; P=.01). The detailed data from the bivariate
analysis are included in Multimedia Appendix 1, Tables S6 and
S7.
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Table 6. Factors associated with eHealth acceptance in the diabetes sample.
Odds ratioa (95% CI)

P value

23-49 (reference)

—b

—

50-64

0.24 (0.08-0.75)

.02

≥65

0.24 (0.05-1.25)

.09

Employed (reference)

—

—

Economically inactive

1.00 (0.24-4.23)

.99

Unemployed

0.69 (0.10-4.81)

.70

Below 2000 (1481; reference)

1.25 (0.43-3.61)

.68

2000-3999 (1481-2960)

7.17 (1.61-31.95)

.01

4000-5999 (2961-4441)

0.35 (0.05-2.50)

.30

6000-9999 (4442-7402)

1.72 (0.30-10.02)

.54

≥10,000 (7403)

0.24 (0.04-1.41)

.11

No income

1.25 (0.43-3.61)

.68

Sociodemographic factors
Age (years)

Employment

Personal income in SGD (US $)

a

Odds ratio >1 indicates higher likelihood of accepting eHealth.

b

Values not estimated for reference groups.

Discussion
Principal Findings and Implications
This study sheds light on the readiness, acceptance, and attitudes
of the population, with and without diabetes, toward eHealth
services. Nearly half of the population was not ready for the
technology, which was more evident in people with diabetes
(75.7%). The acceptance level was very low (12% in people
with diabetes vs 29.6% in those without diabetes). Age,
ethnicity, education, marital status, income, and duration of
disease were associated with readiness or acceptance.
Overall, the participants favored face-to-face sessions over
eHealth for most of the services surveyed. A strong preference
for face-to-face sessions for consultation with clinicians was
observed in 84% of the participants and 92% of the diabetes
sample. Similar results were noted in other studies in patients
with diabetes [23] and in patients with mental illness [24]. It is
possible that patients with diabetes feel that diabetes is a
complex disease with chances for further health complications;
thus, periodic face-to-face sessions with their care providers are
required. These sessions answer their queries and help them
make important care decisions through discussions with their
clinicians. Such interactions and rapport are important in the
adaptation to medical conditions and engagement in treatment
[25]. In agreement with this, 62.3% of the diabetes group in this
study felt that eHealth might not be suitable for their condition,
and the majority of the participants in both groups (diabetes and
nondiabetes) felt that eHealth did not build clinician-patient
rapport to the same extent as face-to-face sessions. Previous
studies have identified potential challenges in patient-clinician
interaction within the eHealth milieu, wherein 88% of the
participants felt that eHealth does not build the same rapport as
https://www.jmir.org/2021/9/e26881
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face-to-face sessions and sharing doctor’s phone number or
personal email could improve the clinician-patient rapport in
the eHealth framework [26]. However, only 2% of the doctors
were willing to share their phone number or email address [27]
with the patients. Thus, in the absence of additional measures,
individuals who value clinician-patient rapport are unlikely to
accept eHealth as a replacement for face-to-face sessions [23].
A lower perception of ease of use was also observed in the
sample. The most cited disadvantage was the requirement of
computer skills, which was identified as a factor that affects the
behavioral outcome (perceived ease of use and intention to use
the technology) in the Technology Acceptance Model [16]. This
observation has also been highlighted in previous studies
[24,28]. The usage and navigation of the various functions of
apps require training and support, which can adversely affect
user acceptance, especially in older adults. This can be addressed
by constant training and support by health care staff [29].
Perceived benefits are another factor that determines the
acceptance of eHealth services [16,28], especially among people
with diabetes [29]. Although the majority of the nondiabetes
group agreed that eHealth was convenient and saves time and
cost, the diabetes sample showed a significantly lower
perception of advantages that could add to their decision to
reject the services. Apart from these factors, a user’s positive
experience with eHealth services and eHealth literacy are
important factors that can improve acceptance rates [29]. Thus
far, none of the diabetes-related services in Singapore have been
offered through eHealth platforms, thereby leaving the
participants with no previous experience or knowledge of the
technology. This could be the reason for the lower perception
of benefits.
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Age, education status, income, ethnicity, disease duration, BMI,
and marital status were identified as factors associated with
readiness and acceptance. We observed that a longer duration
of diabetes was associated with higher odds of readiness but
not acceptance in patients with diabetes, confirming previous
reports. It is postulated that patients with a longer duration of
diabetes prefer more personalized care, which involves regular
face-to-face discussions with their health care team. In general,
they lack trust in new technologies and are reluctant to embrace
the new technology that has a lot of uncertainty to replace the
comfort of face-to-face sessions [23]. However, as they tend to
show readiness toward eHealth, the technology could be
introduced slowly alongside their face-to-face session to give
a positive experience with the technology that will influence
their attitude toward eHealth. Jiang et al [30] studied the
sociodemographic factors associated with the acceptance of
eHealth in the management of chronic diseases (cancer), where
the patients used eHealth for self-management. The study
identified similar sociodemographic factors as determinants of
eHealth acceptance. Younger adults and those with higher
education exhibited higher eHealth literacy and thus had better
chances of acceptance and outcome from eHealth use [31].
Gordon et al [32] and Eszes et al [33] also observed social
determinants, such as age and ethnicity, to affect eHealth usage
and acceptance. Thus, such social determinants should be given
attention to avoid health care disparities in underprivileged
groups. Overall, the present population in this study had an
unfavorable attitude toward eHealth for diabetes care, and this
was stronger among patients with diabetes. This is different
from the reports from cohort studies where moderate or high
levels of acceptance of specific eHealth apps were noted [24,34].
However, all these studies captured acceptance after
implementing a specific eHealth program under the care of the
attending health care professional, where the patients
experienced remote glucose monitoring, diet, and/or physical
activity monitoring. It is unclear whether these sessions
supplemented their routine face-to-face sessions or replaced
them. The participants in this study were technology naïve, as
most of the services they encountered were offered face-to-face
in the diabetes clinics with no remote monitoring in place.
Hence, the lack of previous experience and literacy in eHealth
might affect their perceptions and attitudes toward technology.
Overall, the diabetes sample showed a significantly lower
readiness and acceptance of eHealth compared with the
nondiabetes group. This can be explained based on the
differences in sociodemographic characteristics between the
two groups (Multimedia Appendix 1, Table S1). Most of the
diabetes sample was older adults (aged >34 years), and only
1.8% of the participants were in the 21-34 years age group
compared with 32.7% in the nondiabetes group. Nearly half of
the diabetes sample (49.1% vs 24.5%) were aged between 50
and 64 years. Our results showed that adults who were aged
≥34 years had higher odds of not favoring eHealth, and the odds
increased with age. Thus, the sociodemographic profile of the
diabetes sample matches the archetype of individuals who tend
not to favor eHealth. The diabetes sample also had a higher
proportion of participants from the Indian ethnicity (15.1% vs
7.9%) and those reporting no income (10.9% vs 6.6%), all of
which were associated with lower acceptance or readiness
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toward eHealth. It is also possible that those with diabetes had
built a stronger therapeutic relationship with the clinical care
team and thus were unwilling to accept new technology, as they
feared that it would disrupt their relationship with the clinical
team [23]. An in-depth qualitative study that captures the
barriers to and facilitators of eHealth acceptance in this group
is desirable to understand the needs of this group before
introducing eHealth into their routine care.
It is possible that some participants were unaware of existing
eHealth platforms in Singapore when answering the questions,
and the survey did not capture this information, which is a
limitation of this study. The questionnaire used in the study was
developed by the study team and has not been validated
previously. The diagnosis and duration of the disease were
captured through a self-reported measure, which is a limitation
of this study. For the duration of diabetes, the participants
reported the age at which they were first diagnosed with
diabetes, which was subjected to recall bias. It is currently
unclear why a significantly higher proportion of patients with
diabetes were not in favor of this technology. Age could play
an important role, as older participants tend to reject eHealth.
With the aging population in Singapore, it is essential to
understand the barriers to and facilitators of eHealth acceptance
to avoid the underutilization of services by this group. Future
research should focus on an in-depth qualitative analysis of the
population with and without diabetes with specific age groups
to understand the reasons for the lack of acceptance of the
technology.
It is also possible that people’s perceptions and attitudes toward
eHealth evolved during the pandemic period, as many services
were disrupted as a consequence of the COVID-19 pandemic.
We recruited only a small proportion of the participants (n=16)
during this period, and therefore, it was unlikely to have an
impact on the results. Globally, patients with diabetes have
multiple complications and hyperglycemic episodes with no or
limited access to medications or other health care platforms
[20]. Although eHealth is a viable option, it is not available to
the majority of people worldwide. On the basis of these
experiences, the international consensus calls for a
transformation of diabetes care to steer toward eHealth rather
than going back to the pre–COVID-19 era to prepare better for
future disasters [20].
Lower eHealth readiness and acceptance can be a significant
barrier to the digitalization of health care services. The general
public’s eHealth literacy needs to be improved through
education and communication before implementing any eHealth
services to avoid patient and clinician distress. As patients value
clinician-patient rapport, an organizational-level effort is
required to improve the clinician-patient rapport in the eHealth
framework and to assure patients that comparable care would
be delivered under both platforms. Thus, a carefully planned
deployment of eHealth to supplement face-to-face sessions
rather than replace them would be ideal for improving
acceptance and reducing patient dissatisfaction. A gradual
transition based on an individual’s preferences, capabilities,
and needs would result in people feeling comfortable with the
technology.
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Conclusions
This study showed a negative attitude toward eHealth, with the
majority unwilling to use eHealth for their diabetes care. The
highest acceptance was noted for booking appointments on the
web and receiving health information, whereas face-to-face
sessions were preferred for the rest of the services. Participants
were aware that eHealth saves time and is convenient;
nonetheless, the lower perception of the benefits in patients with
diabetes and higher perception of disadvantages is a challenge
in accepting the technology for diabetes care. A strong

AshaRani et al
preference for face-to-face sessions was observed with a larger
proportion of participants with diabetes, citing the reason that
eHealth might not be suitable for their health condition. The
lack of clinician-patient rapport, requirement of computer skills,
and privacy were highlighted by most of the participants, which
needs to be addressed through awareness programs to improve
acceptance. Younger age, higher education, marital status, BMI,
higher income, and ethnicity were associated with eHealth
readiness or acceptance. Attention must be given to the
socioeconomic group who are unlikely to use the technology
so that they are not affected by health and health care disparities.
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Abstract
Background: eHealth literacy is significantly associated with patients’ online information behavior, physician-patient relationship,
patient adherence, and health outcomes. As an important product of the internet, online health communities (OHCs) can help
redistribute idle medical resources, increase medical resource utilization, and improve patient adherence. However, studies on
eHealth literacy in OHCs are limited. Therefore, this study examined patients’ eHealth literacy regarding health information–seeking
behavior and physician-patient communication in OHCs.
Objective: This study aimed to investigate the association between eHealth literacy in OHCs and patient adherence by employing
social cognitive theory.
Methods: This was an empirical study, in which a research model consisting of 1 independent variable (patients’ eHealth
literacy), 3 mediators (physician-patient communication in OHCs, patient health information–seeking behavior in OHCs, and
patients’ perceived quality of health information in OHCs), 1 dependent variable (patient adherence), and 4 control variables
(age, gender, living area, and education level) was established to examine the associations. Multi-item scales were used to measure
variables. An anonymous online survey involving 560 participants was conducted through Chinese OHCs in July 2018 to collect
data. Partial least squares and structural equation modeling were adopted to analyze data and test hypotheses.
Results: The survey response rate was 79.6% (446/560). The reliability, convergent validity, and discriminant validity were
acceptable. Age, gender, living area, and education level were positively associated with patient adherence, and gender was
positively associated with physician-patient communication and patients’ perceived quality of internet health information in
OHCs. Patients’ eHealth literacy was positively associated with patient adherence through the mediations of physician-patient
communication, internet health information–seeking behavior, and perceived quality of internet health information in OHCs.
Conclusions: Results indicate that physician-patient communication, internet health information–seeking behavior, and the
perceived quality of internet health information are significantly associated with improving patient adherence via a guiding of
eHealth literacy in OHCs. These findings suggest that physicians can understand and guide their patients’ eHealth literacy to
improve treatment efficiency; OHCs’ operators should this strengthen the management of information quality, develop user-friendly
features, and minimize the gap between the actual and perceived information quality.
(J Med Internet Res 2021;23(9):e14908) doi:10.2196/14908
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online health communities; OHCs; eHealth literacy; patient adherence; health information; physician-patient communication
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Introduction
Background
Health literacy is defined as “the degree to which an individual
has the capacity to obtain, communicate, process, and understand
basic health information and services to make appropriate health
decisions,” [1] but individual’s skill to obtain and use health
information needs to be redefined with the development of
medical internet services [2]. Accordingly, eHealth literacy has
emerged [3], which is defined by Norman and Skinner [4] as
individuals’ ability to “seek, find, understand, and appraise
health information from electronic sources and apply the
knowledge gained to addressing or solving a health problem.”
eHealth literacy is related to health literacy, and both of them
involve the skills of seeking, appraising, and applying health
information [5]. Gilstad [6] added the communication of health
information into the definition of eHealth literacy, while Neter
and Brainin [5] and Paige et al [7] suggested that eHealth
literacy is associated with health-related behaviors,
communication skills with physicians, self-management, and
health outcomes.
In recent years, online health communities (OHCs) have
provided the public with new platforms to obtain health
information, share medical experiences, and communicate with
physicians. OHCs can help redistribute idle medical resources,
improve medical resource utilization, and enhance the
physician-patient relationship [8-10]. Patients’ eHealth literacy
in OHCs has become an important topic to be studied. Previous
studies show that patients with adequate eHealth literacy have
a higher level of ability to seek internet health information and
are more likely to obtain reliable and high-quality health
information online than are patients with inadequate eHealth
literacy [11,12]. In addition, a high level of eHealth literacy can
enable patients to communicate with physicians and improve
communication efficiency [11,13].
Physician-patient
communication
and
health
information–seeking behavior in OHCs are related to patient
adherence, which is defined as “the extent to which a person’s
behavior (in terms of taking medications, following diets, or
executing lifestyle changes) coincides with medical or health
advice” [14-16]. Given that physicians cannot constantly
participate in patients’ daily life, the ability of self-management
and self-monitoring is important for patients to maintain a
healthy lifestyle. Treatments, medical regimens, and therapies
are more likely to be effective if patients take medication in
accordance with prescriptions and physicians’ advice [17].
Therefore, we speculate that patients’ eHealth literacy is likely
to be associated with their adherence. Previous studies have
focused on the relationship between health literacy and patient
adherence or between OHCs and patient adherence [18,19].
However, studies on the association between eHealth literacy
in OHCs and patient adherence are limited because of the short
development time of medical internet services, OHCs, and
eHealth literacy. Given the low level of medical resource
utilization, uneven medical resource distribution, and serious
hospital congestion in China, this study aims to identify the
association between patients’ eHealth literacy in OHCs and
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patient adherence through empirical study and by considering
physician-patient
communication,
internet
health
information–seeking behavior, and the perceived quality of
internet health information as mediators. We hope we can
propose productive ideas for improving patient adherence that
can ultimately alleviate these aforementioned problems. This
study can enrich the theoretical study of OHCs, eHealth literacy,
and patient adherence, and may have practical implications for
managing OHCs and improving patient adherence through
eHealth literacy in OHCs.

Patient Adherence
Patient adherence plays a vital role in health management and
health care, especially for patients with chronic diseases [20].
Horwitz et al [20] proved that patient adherence is positively
associated with health outcomes and that patients who adhere
strictly to medical regimens and physicians’ suggestions are
relatively healthier than those who do not. Previous studies have
confirmed that low adherence may lead to serious consequences
for patients, the economy, and society. For patients with low
adherence, diseases may be less likely to be controlled or cured,
thereby increasing the morbidity and mortality [21]. For the
economy, if patients do not adhere to medical regimens or
physicians’ advice, therapies cannot achieve the intended
outcomes, which may waste medical resources [22,23]. In terms
of social effect, the unbalanced medical resource allocation may
be serious. For example, medical resources may be wasted in
some hospitals in economically developed regions, while
hospitals in some regions may lack sufficient resources.
Moreover, some genuinely beneficial drugs may be mistaken
as useless and then be discontinued because patients do not take
medications in accordance with prescriptions [23].
Given that patient adherence is a dynamic parameter [24],
patient adherence can be enhanced to improve patients’
outcomes, increase the utilization of medical resources, advance
the clinical testing of drugs, and promote the stable development
of society.

Online Health Communities
This study mainly discusses the OHCs in which patients and
physicians participate. Patients are increasingly using OHCs to
seek health information and communicate with physicians about
medical and emotional support because of certain benefits
brought by OHCs [25,26]. First, patients can ask questions and
communicate with physicians by creating posts and sending
online messages anytime and anywhere without visiting
hospitals [27]. Moreover, users can conveniently access OHCs’
corresponding apps using smartphones. Second, patients’
privacy can be protected as meeting face-to-face is unnecessary,
and OHCs generally allow patients to ask questions
anonymously [28]. Third, OHCs can help alleviate hospital
congestion and integrate idle medical resources [9,10,15].
Specifically, patients can diagnose a few basic and simple
symptoms by themselves based on the support from OHCs and
do not need to visit hospitals frequently or wait extensively. In
turn, physicians can spend their time communicating with
patients in OHCs if there are only a few patients present in
hospitals. In this way, medical resource utilization can be
improved.
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However, several drawbacks of OHCs must be considered. The
observation of patients’ breath, sound, and facial expressions
is important for physicians in diagnosing illness accurately [29],
which is difficult to achieve though OHCs. In this type of
situation, physicians may misunderstand patients’ conditions
and provide inaccurate advice, which may decrease patients’
satisfaction. In addition, some patients may worry that they
cannot receive answers from actual physicians. Given OHCs’
advantages and persistent development, studies on OHCs should
be conducted to decrease or avoid these shortcomings.

eHealth Literacy
eHealth literacy is nested in the context of a digital environment.
Based on Norman and Skinner [4], Gilstad [6] extended the
definition of eHealth literacy to include an individual’s skill in
identifying, defining, and solving a health problem by
communicating, seeking, understanding, appraising, and
applying health information and digital technologies under a
given cultural, social, and situational background [30]. Paige
et al [31] further proposed a transactional model to update the
definition of eHealth literacy to include a patient’s skill in
interacting with the external environment and in counteracting
the negative effects of environmental factors. eHealth literacy
is a central skill [31] and is significantly associated with
health-related behavior [11,32], self-management skills, patients’
health-related decision-making, and health outcomes [33,34].
For example, adequate eHealth literacy can help patients
understand their conditions accurately, obtain health-related
information and knowledge, and improve the ability to
self-manage their health and communicate with physicians [11].
In addition, eHealth literacy is associated with health
responsibility, self-actualization, and the relationship between
patients and health care providers [35].
Previous studies have verified that patients with a high level of
eHealth literacy are good at seeking, selecting, and assessing
health information from many sources using additional search
strategies [5,32], whereas patients with limited eHealth literacy
may find the use of online health-related resources difficult.
Freemann et al [36] asserted that eHealth literacy plays an
important role in adolescents’ daily life. Mitsutake et al [32]
found that eHealth literacy can promote individuals’ health
behaviors, such as physical exercise and balanced nutrition.
Bodie and Dutta [37] suggested that eHealth literacy can help
develop patients’ ability to solve specific health problems by
themselves using information obtained from the internet, thereby
possibly encouraging patients’ health behavior. In this study,
we focused on patients’ eHealth literacy in OHCs. Specifically,
we concentrated on patient behavior in seeking, obtaining,
understanding, and evaluating health-related information in
OHCs and the association between eHealth literacy and patient
adherence.

Internet Health Information
In terms of content, health information can be divided into 2
categories: health care information and healthy lifestyle
information [5,38,39]. The internet has become the main source
for individuals to seek health information [40], and various
institutions, such as governments, medical institutions, and
business corporations, have established health-related websites
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to provide information-seeking platforms for the public [41].
According to Wilson [42], combined with the context of the
internet, internet health information behavior can be categorized
as internet health information–seeking behavior, internet health
information use behavior, online communication behavior, and
passive receiving of internet health information behavior.
According to Neter et al [43], individual’s online behaviors in
the context of Web 1.0 are mainly consumption activities, such
as reading others’ experiences, watching videos, and sending
or receiving emails, while behaviors in the context of Web 2.0
are mainly production activities, such as rating physicians and
hospitals, communicating with others, and sharing their
experiences. The aim of individual’s use of OHCs is obtaining
health information, which indicates that this behavior is active.
This study intends to identify the association between eHealth
literacy in OHCs and patient adherence. eHealth literacy requires
the skill of seeking health information from digital sources.
However, having a capacity to seek information online does
not mean that the individual would like to perform health
information–seeking behavior. Rather, eHealth literacy may be
associated
with
an
individual’s
internet
health
information–seeking behavior. Therefore, we mainly focused
on the internet health information–seeking behavior and online
communication behavior in OHCs, which includes Web 1.0 and
Web 2.0 health-related activities.
Given the zero gatekeeping and zero-cost publishing of the
internet, information can be published and spread quickly and
in timely fashion [44], and patients can obtain health information
conveniently through the internet, which may help improve
their ability in health-related problem-solving [45]. However,
in consideration of the universal accessibility of the internet,
internet health information has several shortcomings, such as
the quality of information [46]. For one, each person is allowed
to publish health information online regardless of its correctness,
as, for example, most websites in China lack a strict review
mechanism for health information. For another, individuals may
have inadequate eHealth literacy to appraise the quality of health
information or select reliable facts [5]. With limited eHealth
literacy, individuals are unable to accurately appraise health
information and may at times regard actual high-quality
information as low quality or regard actual low-quality
information as high quality. For example, a person who does
not have adequate eHealth literacy may not be able to find
reliable health information from online sources, but sometimes
he or she may consider the information obtained from an official
health portal as high quality. Therefore, patients’ eHealth
literacy may be associated with their perceived quality of
internet health information, and thus this study concentrated on
patients’ perception of internet health information quality in
OHCs.

Physician-Patient Communication
Originally, the communication between physicians and patients
could only occur in hospitals. A new form of physician-patient
communication has emerged with the internet, and OHCs serve
as important platforms. Because of the advantages of OHCs,
patients are willing to communicate with physicians online
before or after visiting hospitals [25,47], which is beneficial for
improving the efficiency of offline treatments and saving time.
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Patients can initially assess their conditions through
communication with physicians in OHCs before visiting
hospitals, which may help them select the relevant health care
department and minimize unnecessary checks [48]. In addition,
communicating with physicians in advance can help patients
gain information of physicians and decrease the uncertainty in
offline treatments [10].
The internet can provide more opportunities to communicate
[49]. It is better to practice individuals’ communication skills
through online channels than on offline channels. Therefore,
online communication may be more effective than offline
communication. To specify, without a face-to-face meeting,
patients and physicians do not need to answer immediately.
Therefore, they have adequate time to reconsider their responses,
and patients’ sense of unfamiliarity and nervousness can be
reduced. In addition, conflicts between physicians and patients
may be avoided in OHCs, thereby improving communication
efficiency and quality and promoting patients’ satisfaction with
physicians [45].

Model and Hypotheses
Human behavior can be associated with social information
obtained from their environment [50]. Specifically, individuals
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can obtain information from their social environment when they
lack knowledge, which may influence their opinions, beliefs,
and behavior [51]. In the context of this study, patients actively
obtain health information from OHCs by communicating with
physicians and searching for information to satisfy their demand
for health information and to improve their self-efficacy, which
may be associated with patient health-related behavior.
According to the review by Neter and Brainin [5], eHealth
literacy is associated with individuals’ health behaviors.
Therefore, we established a research model (Figure 1), which
involves 1 independent variable, 3 mediators, and 1 dependent
variable to identify the association between eHealth literacy in
OHCs and patient adherence through the mediations of
physician-patient
communication,
patient
health
information–seeking behavior, and patients’ perceived quality
of health information by employing social cognitive theory.
Social cognitive theory can be used to predict health-related
behaviors [52,53]. Self-efficacy is a critical factor in social
cognitive theory [54], and it can influence an individual’s way
of thinking, thereby self-regulating motivations of behavior.
Specifically, a high level of self-efficacy can encourage
individuals to change their behavior, while a low level of
self-efficacy may make individuals feel frustrated and refuse
to change.

Figure 1. Research model. OHC: online health community.

Communication is an important skill related to eHealth literacy
[5,6], and patients’ communication behaviors may be associated
with individuals’ eHealth literacy. Patients with limited eHealth
literacy may not have favorable information communication
skills and may not be able discuss their illnesses and conditions
with physicians clearly [55]. The lack of eHealth literacy may
decrease patients’ self-efficacy in communication with
physicians in OHCs. According to social cognitive theory [54],
patients’ intention to communicate with physicians may be
reduced and they may not want to communicate with physicians
through OHCs. We thus assumed that eHealth literacy is
associated with communication between physicians and patients
in OHCs and proposed the following hypothesis: H1: Patients’
eHealth literacy is positively associated with physician-patient
communication in OHCs.
Seeking health information is another way for patients to obtain
health information in OHCs, and it may be associated with
eHealth literacy. First, patients with limited eHealth literacy
https://www.jmir.org/2021/9/e14908
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may not be familiar with OHCs. Even if these patients realize
the existence of OHCs, they may not be aware that health
information can be searched for through these portals [56].
Second, patients with low eHealth literacy may not be good at
evaluating the quality of information obtained from OHCs [12],
which may decrease patients’ intention to seek health
information online. Furthermore, patients with inadequate
eHealth literacy may find it difficult to obtain high-quality health
information. Third, inadequate eHealth literacy makes patients
lack adequate confidence in seeking suitable health information
in OHCs [11]. Accordingly, under the guidance of social
cognitive theory [54], patients with limited eHealth literacy may
have low a level of self-efficacy in seeking health information
through OHCs, which may inhibit their information-seeking
behavior in OHCs. We thus proposed the following hypotheses:
H2: Patients’ eHealth literacy is positively associated with
patients’ internet health information–seeking behavior in OHCs;
H3: Patients’ eHealth literacy is positively associated with
J Med Internet Res 2021 | vol. 23 | iss. 9 | e14908 | p.1181
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patients’ perceived quality of internet health information in
OHCs.
Patients’ attitudes and behaviors can be associated with health
information obtained from OHCs [50]. Therefore, we assume
that, as two ways for patients to obtain health information in
OHCs, communicating with physicians and seeking health
information are associated with patient adherence. The
physician-patient relationship can be enhanced through effective
communication, which may promote information processing
and decision-making [57,58]. Therefore, patients are likely to
perceive high-quality health information and consider their
physicians to be professional [59], ultimately improving their
self-efficacy. A high level of self-efficacy can encourage patients
to adopt health-related behavior [54], such as adherence with
physicians’ advice. Indeed, Roberts et al [60] confirmed that
communication between patients and physicians can improve
patient adherence. In terms of health information–seeking in
OHCs, generally, the information obtained by patients in OHCs
is often basic health-related knowledge, such as medical
terminologies and diagnoses, which has been already grasped
by physicians [47]. When patients are aware of that fact, they
are more likely to trust in their physicians’ professional
competence. Thus, patients may be increasingly willing to
follow the regimens and advice given by physicians. These
considerations produce the following hypotheses: H4:
Physician-patient communication in OHCs is positively
associated with patient adherence; H5: Patients’ internet health
information–seeking behavior in OHCs is positively associated
with patient adherence; H6: Patients’ perception of internet
health information quality is positively associated with patient
adherence.
In addition, control variables (age, gender, living area, and
education level) were included in this research model to examine
and adjust the effects of demographic factors on the research
model.

Methods
Instrument Development
The survey instrument (see Multimedia Appendix 1) was
developed on the basis of scales validated by previous studies.
Specifically, eHealth literacy was measured using a 10-item
scale consisting of 8 main items adopted from Norman and
Skinner [61] and 2 supplementary items adopted from Park and
Lee [62]. Physician-patient communication was measured using
a 14-item scale adopted from Makoul et al [63]. A 4-item health
information–seeking scale reflects the means by which people
search and apply health information actively and passively [64].
Laugesen et al [47] adopted a 16-item scale to measure the
perceived quality of internet health information and a 5-item
scale to measure patient adherence.
We conducted a formal investigation of Chinese individuals
who had communicated with physicians and sought health
information in Chinese OHCs. Therefore, the questionnaire was
translated into Chinese. The translation process was divided
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into 3 stages [65,66]. First, 3 native Chinese speakers who had
at least a master’s degree in English and were skilled in scientific
research translation were recruited to translate the instrument
into Chinese. Second, we conducted a pretest to acquire advice
for improving the comprehensibility, conciseness, readability,
and cross-cultural adaptation of the instrument. Third, we
recruited English professionals to translate the Chinese
questionnaire back to English and to compare the final English
version with the original English version to guarantee the
conceptual consistency between the 2 versions.

Data Analysis
Our participants were those who had obtained health information
by communicating with physicians and seeking health
information in OHCs within the previous month. Thus, they
could recall relevant experiences. The formal survey was
anonymously conducted through several Chinese OHCs in July
2018, and we guaranteed that the privacy of participants would
be strictly protected.
As a comprehensive and nonparametric structural equation
modelling (SEM) approach, partial least squares (PLS)-SEM
is effective in analyzing complex models, providing robust
model estimations, and evaluating the quality of predicting
results [67-69], especially in the case of complex models or
small sample sizes. In addition, PLS-SEM can be used to
conduct mediation analysis [68]. Therefore, this study used
PLS-SEM to test hypotheses and analyze the research model
[47,68] and adopted SmartPLS software version 3.2.8 to analyze
data. First, we re-evaluated the reliability and validity of scales
since the research context and participants in this study were
different from previous works. Specifically, we calculated
Cronbach α to assess the reliability and adopted confirmatory
factor analysis to assess the convergent validity and discriminant
validity. Second, we calculated the magnitude and significance
of path coefficients to examine the effects of control variables
and test hypotheses, and used multivariate coefficient of
determination (R2) to calculate Cohen ƒ2 and used goodness of
fit (GoF) to analyze the effect sizes of the research model and
the fit between the research model and observed data [70]. Third,
we further examined the mediations of physician-patient
communication, patient health information–seeking behavior,
and the perceived quality of health information using the
bootstrapping method (n=5000; 95% CI).

Results
We sent the questionnaire to 560 participants and received 446
responses, 381 of which were valid. Accordingly, the response
rate was 79.6% (446/560), and the validity rate was 85.4%
(381/446). As shown in Table 1, 58.3% (222/381) of the
participants were 20 to 40 years old, 53% (202/381) were
female, and 51.4% (196/381) had at least a bachelor’s degree,
all which accounted for more than half of the sample. Given
that the participants were OHC users who tended to be young,
female, and highly educated, our sample could be considered
representative [71,72].
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Table 1. Sample demographics (N=381).
Demographic characteristics

Value, n (%)

Age (years)
<20

18 (4.7)

20-29

107 (28.1)

30-39

115 (30.2)

40-49

89 (23.4)

50-59

48 (12.6)

60 and above

4 (1.0)

Gender
Male

179 (47.0)

Female

202 (53.0)

Living area
Urban

212 (55.6)

Rural

169 (44.4)

Education
Junior middle school and below

19 (5.0)

High school

50 (13.1)

Junior college

116 (30.4)

Bachelor’s degree

144 (37.8)

Master’s degree

41 (10.8%)

PhD

11 (2.9%)

The Cronbach α of eHealth literacy, physician-patient
communication, internet health information–seeking behavior,
perceived quality of internet health information, and patient
adherence were .849, .898, .709, .905, and .771, respectively.
Therefore, the reliability of the scales was acceptable [73]. The
Kaiser-Meyer-Olkin value was .964, so the collected data could
be used to conduct factor analysis [74]. This study adopted the
composite reliability and the average variance extracted (AVE)

to evaluate the validity of scales. As shown in Table 2, for each
construct, the composite reliability was above 0.700 and the
AVE was above 0.500, indicating an acceptable convergent
validity [75]. Table 3 shows the correlations between constructs,
and the discriminant validity was acceptable because the square
root of AVE was greater than the correlations between other
constructs and themselves [75].

Table 2. Composite reliability and average variance extracted.
CRa

AVEb

Sqrtc AVE

0.916

0.522

0.723

Physician-patient communication in OHCs

0.937

0.514

0.717

Internet health information–seeking behavior in OHCs

0.834

0.556

0.746

Perceived quality of internet health information in OHCs

0.943

0.506

0.712

Patient adherence

0.845

0.523

0.723

Construct
eHealth literacy
d

a

CR: composite reliability.

b

AVE: average variance extracted.

c

Sqrt: square root.

d

OHC: online health community.
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Table 3. Correlations between constructs.

a

Construct

EHLa

PPCb

IHISBc

PQIHId

PAe

EHL

1.000

—f

—

—

—

PPC

0.674

1.000

—

—

—

IHISB

0.632

0.690

1.000

—

—

PQIHI

0.665

0.681

0.681

1.000

—

PA

0.673

0.692

0.669

0.650

1.000

EHL: eHealth literacy.

b

PPC: physician-patient communication.

c

IHISB: internet health information–seeking behavior.

d

PQIHI: perceived quality of internet health information.

e

PA: patient adherence.

f

Not applicable.

In terms of the effects of demographic factors, results indicated
that 4 control variables (age, gender, living area, and education
level) were positively associated with patient adherence, and
gender was positively associated with physician-patient
communication and patients’ perceived quality of internet health
information in OHCs. Specifically, older patients were more
willing to take medication and maintain a healthy lifestyle in
accordance with medical regimens and physicians’ advice than
were younger patients; female patients were more likely to
communicate with physicians through OHCs, perceive a higher
quality of information, and be more willing to adhere to
treatments and physicians than were male patients; patients who

lived in rural areas were more compliant with physicians than
those who lived in urban areas; highly educated patients were
more willing to adhere to physicians than were patients with a
low level of education. However, all path coefficients of
relationships related to control variables were nearly zero,
indicating weak effects. The multivariate coefficient of
determination (R2) was used to calculate Cohen ƒ2 to further
evaluate the size of the control variables’ effects [76] as listed
in Table 4. We confirmed that the effect sizes of the control
variables were so small that they could be considered
insignificant.

Table 4. Multivariate coefficient of determination (R2) results.
Variables

R2

Control variable effects

In

Out

ΔR2a

ƒb

Effects

Control variables

0.722

0.720

0.002

0.007

Insignificant

eHealth literacy

0.677

0.004

0.673

2.084

Large

Control variables

0.537

0.534

0.003

0.006

Insignificant

eHealth literacy

0.537

0.003

0.534

1.153

Large

Control variables

0.677

0.676

0.001

0.003

Insignificant

eHealth literacy

0.677

0.002

0.675

2.090

Large

Control variables

0.617

0.613

0.004

0.010

Insignificant

Physician-patient communication

0.617

0.571

0.046

0.120

Small

Internet health information–seeking behavior

0.617

0.608

0.009

0.023

Small

Perceived quality of internet health information

0.617

0.604

0.013

0.034

Small

Physician-patient communication

Internet health information–seeking behavior

Perceived quality of internet health information

Patient adherence

a

ΔR2: R2In – R2Out.

b 2

ƒ : Cohen ƒ2.

GoF was used to evaluate the fit between the research model
and observed data [70,77] and was calculated as follows:
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In this study, the GoF value was 0.578, which indicated that the
fit between the data and the research model was good [78].
The magnitude and significance of path coefficients revealed
that all 6 hypotheses were supported (Table 5). In particular,
eHealth literacy was positively associated with physician-patient
communication, internet health information–seeking behavior,
and perceived quality of internet health information in OHCs.
Physician-patient
communication,
internet
health
information–seeking behavior, and perceived quality of internet
health information in OHCs were positively associated with

patient adherence. We further analyzed the effect sizes of the
independent variable and mediators, the results of which are
presented in Table 4. We found that the effects of
physician-patient
communication,
internet
health
information–seeking behavior, and the perceived quality of
internet health information in OHCs on patient adherence were
weak with small effect sizes, while the effects of eHealth literacy
on physician-patient communication, internet health
information–seeking behavior, and the perceived quality of
internet health information in OHCs were strong with large
effect sizes.

Table 5. Results of hypothesis testing.
Hypothesis

Path coefficient t

P value

H1: Patients’ eHealth literacy is positively associated with physician-patient communication in OHCs.

0.849

46.484

<.001

H2: Patients’ eHealth literacy is positively associated with patients’ internet health information–seeking
behavior in OHCs.

0.732

26.479

<.001

H3: Patients’ eHealth literacy is positively associated with patients’ perceived quality of internet health
information in OHCs.

0.822

33.227

<.001

H4: Physician-patient communication in OHCs is positively associated with patient adherence.

0.429

4.423

<.001

H5: Patients’ internet health information–seeking behavior in OHCs is positively associated with patient
adherence.

0.156

2.408

0.02

H6: Patients’ perception of internet health information quality is positively associated with patient adherence. 0.247

2.918

0.004

According to Baron and Kenny [79], we adopted a bootstrapping
method (n=5000, 95% CI) to further examine the mediations.
The results of a, b, c, and c’ are shown in Table 6, and the CIs
(bias corrected) of a and b are shown in Table 7. Under the
guidance of Wen and Ye [80], we could conclude that

physician-patient communication and patient internet health
information–seeking behavior in OHCs played partially
mediating roles between eHealth literacy and patient adherence,
and the mediating effect accounted for 30.07% and 13.25% of
the total effect, respectively.

Table 6. Parameters of mediating effects.

a

M

X

Y

a (P)

b (P)

c (P)

c’ (P)

PPCa

EHLb

PAc

0.849(<0.001)

0.291 (.005)

0.747 (<.001)

0.271 (.001)

IHISBd

EHL

PA

0.733(<0.001)

0.135 (.03)

0.747 (<.001)

0.271 (.001)

PQIHIe

EHL

PA

0.823(<0.001)

0.157 (.06)

0.747 (<.001)

0.271 (.001)

PPC: physician-patient communication.

b

EHL: eHealth literacy.

c

PA: patient adherence.

d

IHISB: internet health information–seeking behavior.

e

PQIHI: perceived quality of internet health information.
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Table 7. Confidence intervals (bias corrected).
M

a

X

Y

CIs (bias corrected) of a

CIs (bias corrected) of b

2.5%

97.5%

2.5%

97.5%

PPCa

EHLb

PAc

0.805

0.880

0.082

0.490

IHISBd

EHL

PA

0.668

0.776

0.013

0.260

PQIHIe

EHL

PA

0.770

0.863

–0.005

0.313

PPC: physician-patient communication.

b

EHL: eHealth literacy.

c

PA: patient adherence.

d

IHISB: internet health information–seeking behavior.

e

PQIHI: perceived quality of internet health information.

Discussion
Principal Results
This study explored the association between patients’ eHealth
literacy in OHCs and their adherence to treatment regimens and
physicians’ suggestions, and it has theoretical contributions and
practical implications for studies on OHCs, eHealth literacy,
and patient adherence. We constructed a research model which
clarified that patients’ eHealth literacy in OHCs can help
improve their adherence by guiding their communication
behavior with physicians, strengthening their health
information–seeking behavior, and increasing their perceived
quality of information in OHCs. This study enriches the
theoretical research on OHCs, eHealth literacy, and patient
adherence, and reduces the deficit in research related to
improving patient adherence by strengthening patients’ eHealth
literacy in OHCs in the Chinese context. In addition, this study
adopted social cognitive theory in developing the research model
for examining the relationship between eHealth literacy in OHCs
and patient adherence, which enriches the application of social
cognitive theory in the field of health behavioral psychology.
In terms of practical implications, our findings suggest that
physician-patient
communication,
internet
health
information–seeking behavior, and patients’ perceived quality
of internet health information are perspectives from which
patient adherence can be enhanced by developing patients’
eHealth literacy in OHCs. First, among the 4 mediators, patients’
eHealth literacy was the strongest associated with
physician-patient
communication
in
OHCs,
and
physician-patient communication had the strongest association
with patient adherence. Physician-patient communication plays
a significant mediating role between eHealth literacy in OHCs
and patient adherence, which suggests that physicians can
encourage patients to communicate with them through OHCs
in addition to offline treatments. OHCs can adopt some
incentives to improve the possibility of patients’ participation
in communication with physicians.
Second, in OHCs, the association between patients’ eHealth
literacy and their perceived quality of internet health information
was slightly weaker than that between eHealth literacy and
physician-patient communication, but the effect size remained
large. eHealth literacy can improve patients’ ability to appraise
https://www.jmir.org/2021/9/e14908
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information quality accurately, ultimately encouraging them to
adhere to physicians and the recommended treatments. This
finding suggests that physicians and OHCs should focus not
only on the actual information quality but also the perceived
information quality. Evidence from Silver [81] reveals that some
patients prefer to trust online sources rather than health care
providers, but the limited level of eHealth literacy may make
the treatment difficult. Previous studies suggest that eHealth
literacy can be enhanced by considering several factors, such
as education, computer skills, physical exercise [82], and
medical experiences [81]. Therefore, physicians should aim to
understand the level of patients’ eHealth literacy and their
perception of quality during the communication process so as
to better understand the possibility and extent of patients
obtaining unsuitable health information. Physicians can then
help patients improve the efficiency of treatment. OHCs should
be developed to be convenient and easy to use, and to provide
detailed guidelines that can aid patients’ usage. This may bring
benefits to improving patients’ eHealth literacy and their
perception of information quality in OHCs. In addition, to
further improve OHCs, operators of OHCs should strengthen
the management of information quality and acquire patients’
feedback on the perceived quality of health information. Third,
eHealth literacy is associated with patient adherence through
the mediation of internet health information–seeking behavior
although the associations between eHealth literacy and internet
health information–seeking behavior and between internet health
information–seeking behavior and patient adherence were
relatively weaker compared with the other 2 mediators. Schulz
et al [12] found that patients with adequate eHealth literacy are
more willing to seek health information online than those with
inadequate eHealth literacy. The positive association between
patients’ health information–seeking behavior and patient
adherence is supported by Zhang et al [14]. However, some
patients with limited eHealth literacy find it difficult to use or
find suitable and reliable information through OHCs [56],
thereby decreasing their intention to seek health information
through OHCs. Given the advantages of OHCs, physicians can
discuss the benefits and drawbacks of seeking information online
with patients and encourage patients to obtain information by
themselves. In addition, when patients find that their physicians
have grasped the health information that the patients had
themselves already acquired, they will consider their physicians
to be professional and thus be more willing to adhere to their
J Med Internet Res 2021 | vol. 23 | iss. 9 | e14908 | p.1186
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advice. Although patients may be unwilling to seek heath
information online, they can perceive that their physicians are
sincere and indeed concerned about them. Accordingly,
discussion between physicians and patients is beneficial for
strengthening patients’ trust in their physicians and improving
the efficiency of treatment. Moreover, some medical
professionals (eg, nurses) can actively discuss with patients the
information obtained by patients through OHCs, thus possibly
promoting patients’ additional use. Furthermore, the popularity
of OHCs can be improved to increase the possibility of patients
seeking health information through OHCs.

Limitations
This study has several limitations and future directions. First,
other mediators can be examined in future studies in addition
to physician-patient communication, internet health
information–seeking behavior, and perceived quality of internet
health information. Second, the sample was a fairly specific
one, and the results therefore cannot be generalized to a general
or global context. To make these results more universal, further
surveys in other countries could be conducted by comparing
the similarities and differences between China and these
countries. Third, our sampling did not capture the characteristics
of the Chinese population because of the limitation of the
research conditions, and the inclusion of Chinese census data
can be considered in future studies. Fourth, in the research
model, the 2 mediators, eHealth literacy and health
information–seeking behaviour, may overlap. eHealth literacy
includes the skill of seeking health information through OHCs,
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and eHealth literacy and health information–seeking behavior
in OHCs may be related to each other. Fifth, the observed data
were self-reported data, and we did not track the participants’
use of the internet. Sixth, we conducted the cross-sectional
questionnaire investigation only once, so we failed to capture
the dynamic changes in participants’ attitudes toward variables.
Finally, the adherence measure we used has no recorded
previous use. These issues can be addressed in future studies.

Conclusions
This study aimed to identify the association between patients’
eHealth literacy in OHCs and patient adherence. The results
revealed that eHealth literacy in OHCs is positively associated
with patient adherence through the mediations of
physician-patient communication, patient internet health
information–seeking behavior, and the perceived quality of
internet health information in OHCs. All 3 mediators are crucial
for improving patient adherence. These findings suggest the
following: physicians should encourage patients to seek health
information and communicate with them through OHCs,
understand the level of patients’ eHealth literacy and their
perception of information quality, and help patients during the
treatment to compensate for the lack of eHealth literacy; OHC
operators should strengthen the management of information
quality, make OHCs user friendly by providing detailed
guidelines, and increase their popularity; OHC operators should
improve the reliability of high-quality information provided to
patients to decrease the gap between the actual and the perceived
quality of health information.

Acknowledgments
This work was supported by the National Natural Science Foundation of China (grant #62173025).

Authors' Contributions
XL conceived and designed the study, developed the research model, designed the questionnaire, conducted data collection and
analysis, and drafted and modified the manuscript. RT drafted and modified the manuscript.

Conflicts of Interest
None declared.
Multimedia Appendix 1
Measurement instruments.
[DOC File , 122 KB - jmir_v23i9e14908_app1.doc ]

References
1.
2.
3.
4.
5.

Ratzan SC, Parker RM. Introduction. In: Selden CR, Zorn M, Ratzan SC, Parker RM, editors. Current Bibliographies in
Medicine: Health Literacy. Bethesda,Md: National Library of Medicine; 2000:v-vii.
Ritterband LM, Borowitz S, Cox DJ, Kovatchev B, Walker LS, Lucas V, et al. Using the internet to provide information
prescriptions. Pediatrics 2005 Nov;116(5):e643-e647. [doi: 10.1542/peds.2005-0404] [Medline: 16263978]
Levin-Zamir D, Bertschi I. Media health literacy, eHealth literacy, and the role of the social environment in context. Int J
Environ Res Public Health 2018 Aug;15(8):1643 [FREE Full text] [doi: 10.3390/ijerph15081643] [Medline: 30081465]
Norman CD, Skinner HA. eHealth Literacy: essential skills for consumer health in a networked world. J Med Internet Res
2006 Jun;8(2):e9 [FREE Full text] [doi: 10.2196/jmir.8.2.e9] [Medline: 16867972]
Neter E, Brainin E. eHealth literacy: extending the digital divide to the realm of health information. J Med Internet Res
2012 Jan;14(1):e19 [FREE Full text] [doi: 10.2196/jmir.1619] [Medline: 22357448]

https://www.jmir.org/2021/9/e14908

XSL• FO
RenderX

J Med Internet Res 2021 | vol. 23 | iss. 9 | e14908 | p.1187
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
6.

7.

8.
9.
10.

11.

12.

13.

14.

15.

16.
17.
18.

19.
20.
21.
22.

23.
24.
25.

26.

27.
28.
29.

Gilstad H. Toward a comprehensive model of eHealth literacy. In: Proceedings of the 2nd European Workshop on Practical
Aspects of Health Information. 2014 May 19 Presented at: 2nd European Workshop on Practical Aspects of Health
Information; 2014 May 19; Trondheim, Norway p. 19-20 URL: http://europepmc.org/abstract/MED/28001489
Paige SR, Krieger JL, Stellefson ML. The influence of eHealth literacy on perceived trust in online health communication
channels and sources. J Health Commun 2017 Jan;22(1):53-65 [FREE Full text] [doi: 10.1080/10810730.2016.1250846]
[Medline: 28001489]
Yan L, Tan Y. Feeling blue? Go online: An empirical study of social support among patients. Inform Syst Res 2014
Dec;25(4):690-709. [doi: 10.1287/isre.2014.0538]
Yang H, Guo X, Wu T. Exploring the influence of the online physician service delivery process on patient satisfaction.
Decis Support Syst 2015 Oct;78:113-121. [doi: 10.1016/j.dss.2015.05.006]
Wu H, Lu N. Online written consultation, telephone consultation and offline appointment: an examination of the channel
effect in online health communities. Int J Med Inform 2017 Nov;107:107-119. [doi: 10.1016/j.ijmedinf.2017.08.009]
[Medline: 29029686]
Chang F, Chiu C, Chen P, Miao N, Lee C, Chiang J, et al. Relationship between parental and adolescent eHealth literacy
and online health information seeking in Taiwan. Cyberpsychol Behav Soc Netw 2015 Oct;18(10):618-624. [doi:
10.1089/cyber.2015.0110] [Medline: 26375050]
Schulz PJ, Fitzpatrick MA, Hess A, Sudbury-Riley L, Hartung U. Effects of eHealth literacy on general practitioner
consultations: a mediation analysis. J Med Internet Res 2017 May 16;19(5):e166 [FREE Full text] [doi: 10.2196/jmir.6317]
[Medline: 28512081]
Arnhold M, Quade M, Kirch W. Mobile applications for diabetics: a systematic review and expert-based usability evaluation
considering the special requirements of diabetes patients age 50 years or older. J Med Internet Res 2014 Apr;16(4):e104
[FREE Full text] [doi: 10.2196/jmir.2968] [Medline: 24718852]
Zhang R, Lu X, Wu W, Shang X. Why do patients follow physicians' advice? The influence of patients' regulatory focus
on adherence: an empirical study in China. BMC Health Serv Res 2019 May 10;19(1):301 [FREE Full text] [doi:
10.1186/s12913-019-4127-9] [Medline: 31077196]
Lu X, Zhang R. Impact of physician-patient communication in online health communities on patient compliance:
cross-sectional questionnaire study. J Med Internet Res 2019 May 13;21(5):e12891 [FREE Full text] [doi: 10.2196/12891]
[Medline: 31094342]
Haynes RB, Taylor DW, Sackett DL, editors. Compliance in Health Care. Baltimore, Maryland: Johns Hopkins University
Press; 1979.
Tustin N. The role of patient satisfaction in online health information seeking. J Health Commun 2010 Jan;15(1):3-17. [doi:
10.1080/10810730903465491] [Medline: 20390974]
Fernandez DM, Larson JL, Zikmund-Fisher BJ. Associations between health literacy and preventive health behaviors among
older adults: findings from the health and retirement study. BMC Public Health 2016 Dec 19;16(1):596 [FREE Full text]
[doi: 10.1186/s12889-016-3267-7] [Medline: 27430477]
Keim-Malpass J, Doede A, Kennedy C, Showalter SL. Health literacy assessment: feasibility in a breast surgical oncology
clinic . Clin J Oncol Nurs 2017 Jun 01;21(3):384-386. [doi: 10.1188/17.CJON.384-386] [Medline: 28524902]
Horwitz RI, Horwitz SM. Adherence to treatment and health outcomes. Arch Intern Med 1993 Aug;153(16):1863-1868.
[Medline: 8250647]
Hensher DA, Rose JM, Greene WH. Applied Choice Analysis. 2nd edition. Cambridge: Cambridge University Press; 2015.
Varleta P, Acevedo M, Akel C, Salinas C, Navarrete C, García A, et al. Mobile phone text messaging improves
antihypertensive drug adherence in the community. J Clin Hypertens (Greenwich) 2017 Dec;19(12):1276-1284 [FREE Full
text] [doi: 10.1111/jch.13098] [Medline: 28941056]
Brown MT, Bussell J, Dutta S, Davis K, Strong S, Mathew S. Medication adherence: truth and consequences. Am J Med
Sci 2016 Apr;351(4):387-399. [doi: 10.1016/j.amjms.2016.01.010] [Medline: 27079345]
Umaki TM, Umaki MR, Cobb CM. The psychology of patient compliance: a focused review of the literature. J Periodontol
2012 Apr;83(4):395-400. [doi: 10.1902/jop.2011.110344] [Medline: 21819248]
Lu Y, Wu Y, Liu J, Li J, Zhang P. Understanding health care social media use from different stakeholder perspectives: a
content analysis of an online health community. J Med Internet Res 2017 Apr 07;19(4):e109 [FREE Full text] [doi:
10.2196/jmir.7087] [Medline: 28389418]
Nambisan P. Information seeking and social support in online health communities: impact on patients' perceived empathy.
J Am Med Inform Assoc 2011 May 1;18(3):298-304 [FREE Full text] [doi: 10.1136/amiajnl-2010-000058] [Medline:
21486888]
Yan Z, Wang T, Chen Y, Zhang H. Knowledge sharing in online health communities: A social exchange theory perspective.
Inform Manage 2016 Jul;53(5):643-653. [doi: 10.1016/j.im.2016.02.001]
Wu B. Patient continued use of online health care communities: web mining of patient-doctor communication. J Med
Internet Res 2018 Apr 16;20(4):e126 [FREE Full text] [doi: 10.2196/jmir.9127] [Medline: 29661747]
Huang L, Hsu C, Ko H, Kuo F. Influential factors on physicians' behaviour towards the medical web messaging board: a
qualitative exploration. Int J Electron Healthc 2007 Feb;3(2):220-231. [doi: 10.1504/IJEH.2007.013102] [Medline: 18048271]

https://www.jmir.org/2021/9/e14908

XSL• FO
RenderX

Lu & Zhang

J Med Internet Res 2021 | vol. 23 | iss. 9 | e14908 | p.1188
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
30.

31.
32.
33.
34.
35.

36.
37.
38.
39.
40.
41.

42.
43.

44.
45.
46.

47.
48.
49.
50.
51.

52.
53.
54.
55.

56.

Karnoe A, Furstrand D, Christensen KB, Norgaard O, Kayser L. Assessing competencies needed to engage with digital
health services: Development of the eHealth literacy assessment toolkit. J Med Internet Res 2018 May;20(5):e178 [FREE
Full text] [doi: 10.2196/jmir.8347] [Medline: 29748163]
Paige SR, Krieger JL, Stellefson ML. The influence of eHealth literacy on perceived trust in online health communication
channels and sources. J Health Commun 2017 Jan;22(1):53-65. [doi: 10.1080/10810730.2016.1250846] [Medline: 28001489]
Mitsutake S, Shibata A, Ishii K, Oka K. Associations of eHealth literacy with health behavior among adult internet users.
J Med Internet Res 2016 Jul;18(7):e192 [FREE Full text] [doi: 10.2196/jmir.5413] [Medline: 27432783]
Hayat TZ, Brainin E, Neter E. With some help from my network: Supplementing eHealth literacy with social ties. J Med
Internet Res 2017 Mar 30;19(3):e98 [FREE Full text] [doi: 10.2196/jmir.6472] [Medline: 28360024]
Park H, Cormier E, Glenna G. Health consumers eHealth literacy to decrease disparities in accessing eHealth information.
Stud Health Technol Inform 2016;225:895-896. [Medline: 27332397]
Luo YF, Yang SC, Chen A, Chiang C. Associations of eHealth literacy with health services utilization among college
students: cross-sectional study. J Med Internet Res 2018 Oct 25;20(10):e283 [FREE Full text] [doi: 10.2196/jmir.8897]
[Medline: 30361201]
Freeman JL, Caldwell PHY, Bennett PA, Scott KM. How adolescents search for and appraise online health information:
a systematic review. J Pediatr 2018 Apr;195:244-255.e1. [doi: 10.1016/j.jpeds.2017.11.031] [Medline: 29398062]
Bodie GD, Dutta MJ. Understanding health literacy for strategic health marketing: eHealth literacy, health disparities, and
the digital divide. Health Mark Q 2008 Jan;25(1-2):175-203. [doi: 10.1080/07359680802126301] [Medline: 18935884]
Dobransky K, Hargittai E. Inquiring minds acquiring wellness: uses of online and offline sources for health information.
Health Commun 2012 Sep;27(4):331-343. [doi: 10.1080/10410236.2011.585451] [Medline: 21932982]
Suri VR, Majid S, Chang Y, Foo S. Assessing the influence of health literacy on health information behaviors: A multi-domain
skills-based approach. Patient Educ Couns 2016 Dec;99(6):1038-1045. [doi: 10.1016/j.pec.2015.12.017] [Medline: 26794667]
Zhang Y, Sun Y, Kim Y. The influence of individual differences on consumer's selection of online sources for health
information. Comput Hum Behav 2017 Feb;67:303-312. [doi: 10.1016/j.chb.2016.11.008]
Li F, Li M, Guan P, Ma S, Cui L. Mapping publication trends and identifying hot spots of research on Internet health
information seeking behavior: a quantitative and co-word biclustering analysis. J Med Internet Res 2015 Mar 25;17(3):e81
[FREE Full text] [doi: 10.2196/jmir.3326] [Medline: 25830358]
Wilson DT. Human Information Behavior. Informing Sci J 2000;3(2):49-56. [doi: 10.28945/576]
Neter E, Brainin E, Baron-Epel O. The third digital divide in the health domain: Is Internet use for health purposes associated
with health benefits? In: eHealth: Current Evidence, Promises, Perils and Future Directions. Bingley: Emerald Publishing
Limited; Jun 14, 2018:153-175.
Zhu J. Antecedents, covariates, and outcomes of media credibility in China. Mass Commun Rev 1997;24:4-17.
Jiang S, Street RL. Pathway linking internet health information seeking to better health: a moderated mediation study.
Health Commun 2017 Dec;32(8):1024-1031. [doi: 10.1080/10410236.2016.1196514] [Medline: 27464036]
Maloney EK, D'Agostino TA, Heerdt A, Dickler M, Li Y, Ostroff JS, et al. Sources and types of online information that
breast cancer patients read and discuss with their doctors. Palliat Support Care 2015 Apr;13(2):107-114 [FREE Full text]
[doi: 10.1017/S1478951513000862] [Medline: 24182945]
Laugesen J, Hassanein K, Yuan Y. The impact of internet health information on patient compliance: a research model and
an empirical study. J Med Internet Res 2015;17(6):e143 [FREE Full text] [doi: 10.2196/jmir.4333] [Medline: 26068214]
Jiang S, Street RL. Factors influencing communication with doctors via the internet: a cross-sectional analysis of 2014
HINTS survey. Health Commun 2017 Feb;32(2):180-188. [doi: 10.1080/10410236.2015.1110867] [Medline: 27196037]
Adler KG. Web portals in primary care: an evaluation of patient readiness and willingness to pay for online services. J Med
Internet Res 2006 Oct 26;8(4):e26 [FREE Full text] [doi: 10.2196/jmir.8.4.e26] [Medline: 17213045]
Salancik GR, Pfeffer J. A social information processing approach to job attitudes and task design. Adm Sci Q 1978
Jun;23(2):224-253. [Medline: 10307892]
Young GJ, Meterko MM, Mohr D, Shwartz M, Lin H. Congruence in the assessment of service quality between employees
and customers: A study of a public health care delivery system. J Bus Res 2009 Nov;62(11):1127-1135. [doi:
10.1016/j.jbusres.2008.08.004]
Bandura A. Health promotion from the perspective of social cognitive theory. Psychol Health 1998 Jul;13(4):623-649. [doi:
10.1080/08870449808407422]
Myrick JG. The role of emotions and social cognitive variables in online health information seeking processes and effects.
Comput Hum Behav 2017 Mar;68:422-433. [doi: 10.1016/j.chb.2016.11.071]
Bandura A. Social cognitive theory: an agentic perspective. Annu Rev Psychol 2001;52:1-26. [doi:
10.1146/annurev.psych.52.1.1] [Medline: 11148297]
Liang C, Wang K, Hwang S, Lin K, Pan H. Factors affecting the physician-patient relationship of older veterans with
inadequate health literacy: an observational study. Br J Gen Pract 2013 May;63(610):e354-e360 [FREE Full text] [doi:
10.3399/bjgp13X667222] [Medline: 23643234]
Sarkar U, Karter AJ, Liu JY, Adler NE, Nguyen R, Lopez A, et al. The literacy divide: health literacy and the use of an
internet-based patient portal in an integrated health system-results from the diabetes study of northern California

https://www.jmir.org/2021/9/e14908

XSL• FO
RenderX

Lu & Zhang

J Med Internet Res 2021 | vol. 23 | iss. 9 | e14908 | p.1189
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

57.
58.

59.
60.

61.
62.
63.

64.

65.
66.

67.

68.
69.

70.

71.

72.
73.

74.
75.
76.
77.
78.
79.
80.

(DISTANCE). J Health Commun 2010 Aug;15(Suppl 2):183-196 [FREE Full text] [doi: 10.1080/10810730.2010.499988]
[Medline: 20845203]
Matusitz J, Spear J. Effective doctor-patient communication: an updated examination. Soc Work Public Health 2014
Apr;29(3):252-266. [doi: 10.1080/19371918.2013.776416] [Medline: 24802220]
Orom H, Underwood W, Cheng Z, Homish DL, Scott I. Relationships as medicine: quality of the physician-patient
relationship determines physician influence on treatment recommendation adherence. Health Serv Res 2018
Dec;53(1):580-596. [doi: 10.1111/1475-6773.12629] [Medline: 27981559]
Bultman DC, Svarstad BL. Effects of physician communication style on client medication beliefs and adherence with
antidepressant treatment. Patient Educ Couns 2000 May;40(2):173-185. [Medline: 10771371]
Roberts L, Cornell C, Bostrom M, Goldsmith S, Ologhobo T, Roberts T, et al. Communication skills training for surgical
residents: Learning to relate to the needs of older adults. J Surg Educ 2018 Sep;75(5):1180-1187. [doi:
10.1016/j.jsurg.2018.02.005] [Medline: 29609892]
Norman CD, Skinner HA. eHEALS: the eHealth literacy scale. J Med Internet Res 2006 Nov;8(4):e27 [FREE Full text]
[doi: 10.2196/jmir.8.4.e27] [Medline: 17213046]
Park H, Lee E. Self-reported eHealth literacy among undergraduate nursing students in South Korea: a pilot study. Nurse
Educ Today 2015 Feb;35(2):408-413. [doi: 10.1016/j.nedt.2014.10.022] [Medline: 25466791]
Makoul G, Krupat E, Chang C. Measuring patient views of physician communication skills: development and testing of
the Communication Assessment Tool. Patient Educ Couns 2007 Aug;67(3):333-342. [doi: 10.1016/j.pec.2007.05.005]
[Medline: 17574367]
Khazaee-Pool M, Majlessi F, Montazeri A, Pashaei T, Gholami A, Ponnet K. Development and psychometric testing of a
new instrument to measure factors influencing women's breast cancer prevention behaviors (ASSISTS). BMC Womens
Health 2016 Jul;16(1):40 [FREE Full text] [doi: 10.1186/s12905-016-0318-2] [Medline: 27444675]
Bu X, You L, Li Y, Liu K, Zheng J, Yan T, et al. Psychometric properties of the Kessler 10 Scale in Chinese parents of
children with cancer. Cancer Nurs 2017 Jul;40(4):297-304. [doi: 10.1097/NCC.0000000000000392] [Medline: 27257800]
Xiao Y, Li T, Xiao L, Wang S, Wang S, Wang H, et al. The Chinese version of instrument of professional attitude for
student nurses (IPASN): Assessment of reliability and validity. Nurse Educ Today 2017 Feb;49:79-83. [doi:
10.1016/j.nedt.2016.11.013] [Medline: 27889582]
Albertsen L, Wiedmann K, Schmidt S. The impact of innovation-related perception on consumer acceptance of food
innovations – Development of an integrated framework of the consumer acceptance process. Food Qual Prefer 2020
Sep;84:103958. [doi: 10.1016/j.foodqual.2020.103958]
Hair JF, Ringle CM, Sarstedt M. Partial least squares structural equation modeling: Rigorous applications, better results
and higher acceptance. Long Range Plann 2013 Feb;46(1-2):1-12. [doi: 10.1016/j.lrp.2013.01.001]
Bari MW, Mahmood F, Qurrah-tul-ain, Bashir M, Usman M. The role of instrumental guanxi in the relation between
entrepreneurs’ social competence and firms’ financial performance: A comparative study. Economic Research-Ekonomska
Istraživanja 2020 Aug 28;34(1):1-23. [doi: 10.1080/1331677x.2020.1782244]
Hussain S, FangWei Z, Ali Z. Examining influence of construction projects' quality factors on client satisfaction using
partial least squares structural equation modeling. J Constr Eng Manage 2019 May;145(5):05019006. [doi:
10.1061/(asce)co.1943-7862.0001655]
Audrain-Pontevia A, Menvielle L. Do online health communities enhance patient-physician relationship? An assessment
of the impact of social support and patient empowerment. Health Serv Manage Res 2018 Aug;31(3):154-162. [doi:
10.1177/0951484817748462] [Medline: 29280679]
Huh J, Kwon BC, Kim S, Lee S, Choo J, Kim J, et al. Personas in online health communities. J Biomed Inform 2016
Oct;63:212-225. [doi: 10.1016/j.jbi.2016.08.019] [Medline: 27568913]
Buysse HEC, Coorevits P, Van Maele G, Hutse A, Kaufman J, Ruige J, et al. Introducing telemonitoring for diabetic
patients: development of a telemonitoring 'Health Effect and Readiness' Questionnaire. Int J Med Inform 2010
Aug;79(8):576-584. [doi: 10.1016/j.ijmedinf.2010.05.005] [Medline: 20599161]
Biasutti M, Frate S. A validity and reliability study of the Attitudes toward Sustainable Development scale. Environ Educ
Res 2017 Feb;23(2):214-230. [doi: 10.1080/13504622.2016.1146660]
Sobral MP, Costa ME, Schmidt L, Martins MV. COMPI Fertility Problem Stress Scales is a brief, valid and reliable tool
for assessing stress in patients seeking treatment. Hum. Reprod 2017 Feb;32(2):375-382. [doi: 10.1093/humrep/dew315]
Cohen J. Statistical Power Analysis for the Behavioral Sciences. New York: Routledge; 1988.
Tenenhaus M, Vinzi VE, Chatelin Y, Lauro C. PLS path modeling. Comput Stat Data An 2005 Jan;48(1):159-205. [doi:
10.1016/j.csda.2004.03.005]
Wetzels M, Odekerken-Schröder G, van Oppen C. Using PLS path modeling for assessing hierarchical construct models:
Guidelines and empirical illustration. MIS Quart 2009 Mar;33(1):177-195. [doi: 10.2307/20650284]
Baron RM, Kenny DA. The moderator-mediator variable distinction in social psychological research: conceptual, strategic,
and statistical considerations. J Pers Soc Psychol 1986 Dec;51(6):1173-1182. [Medline: 3806354]
Wen Z, Ye B. Analyses of mediating effects: the development of methods and models. Advances in Psychological Science
2014 Jan;22(5):731-745. [doi: 10.3724/sp.j.1042.2014.00731]

https://www.jmir.org/2021/9/e14908

XSL• FO
RenderX

Lu & Zhang

J Med Internet Res 2021 | vol. 23 | iss. 9 | e14908 | p.1190
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
81.
82.

Lu & Zhang

Silver MP. Patient perspectives on online health information and communication with doctors: a qualitative study of patients
50 years old and over. J Med Internet Res 2015 Jan;17(1):e19 [FREE Full text] [doi: 10.2196/jmir.3588] [Medline: 25586865]
Xesfingi S, Vozikis A. eHealth literacy: In the quest of the contributing factors. Interact J Med Res 2016 May;5(2):e16
[FREE Full text] [doi: 10.2196/ijmr.4749] [Medline: 27226146]

Abbreviations
AVE: average variance extracted
GoF: goodness of fit
OHC: online health community
PLS: partial least squares
SEM: structural equation modelling

Edited by G Eysenbach, L Buis; submitted 02.06.19; peer-reviewed by S Paige, E Neter, D Nault; comments to author 15.05.20;
revised version received 31.10.20; accepted 29.01.21; published 13.09.21.
Please cite as:
Lu X, Zhang R
Association Between eHealth Literacy in Online Health Communities and Patient Adherence: Cross-sectional Questionnaire Study
J Med Internet Res 2021;23(9):e14908
URL: https://www.jmir.org/2021/9/e14908
doi:10.2196/14908
PMID:34515638

©Xinyi Lu, Runtong Zhang. Originally published in the Journal of Medical Internet Research (https://www.jmir.org), 13.09.2021.
This is an open-access article distributed under the terms of the Creative Commons Attribution License
(https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any medium,
provided the original work, first published in the Journal of Medical Internet Research, is properly cited. The complete bibliographic
information, a link to the original publication on https://www.jmir.org/, as well as this copyright and license information must
be included.

https://www.jmir.org/2021/9/e14908

XSL• FO
RenderX

J Med Internet Res 2021 | vol. 23 | iss. 9 | e14908 | p.1191
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Liu et al

Original Paper

Measuring a Broad Spectrum of eHealth Skills in the Web 3.0
Context Using an eHealth Literacy Scale: Development and
Validation Study
Hua-Xuan Liu1*, MA; Bik-Chu Chow1*, PhD, Prof Dr; Wei Liang1,2, PhD; Holger Hassel3, PhD, Prof Dr; YaJun
Wendy Huang1, PhD
1

Department of Sport, Physical Education and Health, Hong Kong Baptist University, Hong Kong, China (Hong Kong)

2

Center for Health and Exercise Science Research, Hong Kong Baptist University, Hong Kong, China (Hong Kong)

3

Institute of Applied Health Sciences, Coburg University of Applied Science and Arts, Coburg, Germany

*

these authors contributed equally

Corresponding Author:
Hua-Xuan Liu, MA
Department of Sport, Physical Education and Health
Hong Kong Baptist University
Room 926, 9/F, Academic and Administration Building
Kowloon
Hong Kong
China (Hong Kong)
Phone: 852 1 305 157 5809
Email: xuan0402@life.hkbu.edu.hk

Abstract
Background: eHealth literacy (EHL) refers to a variety of capabilities that enable individuals to obtain health information from
electronic resources and apply it to solve health problems. With the digitization of health care and the wide availability of health
apps, a more diverse range of eHealth skills is required to properly use such health facilities. Existing EHL measurements focus
mainly on the skill of obtaining health information (Web 1.0), whereas skills for web-based interactions (Web 2.0) and self-managing
health data and applying information (Web 3.0) have not been well measured.
Objective: This study aims to develop an EHL scale (eHLS) termed eHLS-Web3.0 comprising a comprehensive spectrum of
Web 1.0, 2.0, and 3.0 skills to measure EHL, and evaluate its validity and reliability along with the measurement invariance
among college students.
Methods: In study 1, 421 Chinese college students (mean age 20.5, SD 1.4 years; 51.8% female) and 8 health experts (mean
age 38.3, SD 5.9 years; 87.5% female) were involved to develop the eHLS-Web3.0. The scale development included three steps:
item pool generation, content validation, and exploratory factor analysis. In study 2, 741 college students (mean age 21.3, SD
1.4 years; 52.2% female) were recruited from 4 Chinese cities to validate the newly developed eHLS-Web3.0. The construct
validity, convergent validity, concurrent validity, internal consistency reliability, test-retest reliability, and measurement invariance
across genders, majors, and regions were examined by a series of statistical analyses, including confirmatory factor analysis
(CFA) and multigroup CFAs using SPSS and Mplus software packages.
Results: Based on the item pool of 374 statements collected during the conceptual development, 24 items (4-10 items per
subscale) were generated and adjusted after cognitive testing and content validity examination. Through exploratory factor
analysis, a 3-factor eHLS-Web3.0 was finally developed, and it included acquisition (8 items), verification (6 items), and application
(10 items). In study 2, CFAs supported the construct validity of the 24-item 3D eHLS-Web3.0 (χ2244=903.076, χ2244=3.701,
comparative fit index=0.924, Tucker-Lewis index=0.914, root mean square error of approximation [RMSEA]=0.06, and standardized
root mean residual [SRMR]=0.051). The average variance extracted (AVE) value of 0.58 and high correlation between
eHLS-Web3.0 subscales and the eHealth Literacy Scale (r=0.725-0.880, P<.001) indicated the convergent validity and concurrent
validity of the eHLS-Web3.0. The results also indicated satisfactory internal consistency reliability (α=.976, ρ=0.934-0.956) and
test-retest reliability (r=0.858, P<.001) of the scale. Multigroup CFA demonstrated the 24-item eHLS-Web3.0 to be invariant at
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all configural, metric, strength, and structural levels across genders (female and male), majors (sport-related, medical, and general),
and regions (Yinchuan, Kunming, Xiamen, and Beijing).
Conclusions: The 24-item 3D eHLS-Web3.0 proved to be a reliable and valid measurement tool for EHL in the Web 3.0 context
among Chinese college students.
(J Med Internet Res 2021;23(9):e31627) doi:10.2196/31627
KEYWORDS
eHealth literacy; scale development; validation; college students

Introduction
With the digitization of health care and the wide availability of
health applications, personal eHealth has become important for
health management. The World Health Organization defines
eHealth as “the use of information and communication
technology for health” [1], and researchers have called for a
broader understanding of the capabilities and skills required for
individuals to use and benefit from eHealth services [2]. In
2006, Norman and Skinner labeled this ability as “eHealth
literacy” (EHL) [3].
The definition of EHL was grounded in the health promotion
theory, which referred to EHL as the “the ability to seek, find,
understand, and appraise health information from electronic
resources and apply that knowledge to solve a health problem
or make a health-related decision” [3]. Based on this concept,
an 8-item measurement tool named the eHealth Literacy Scale
(eHEALS) was developed. The eHEALS is the most well-known
and widely accepted tool for measuring EHL. Till 2015, there
have been 45 studies that used the eHEALS, and it is the only
tool used to measure EHL in more than 1 study [4].
However, with advances in technology, some people identified
the need for updating the content of EHL to better fit it with the
new internet environment. They also doubted on how accurately
the eHEALS measured the use of new technologies to find and
evaluate health information [5]. In 2011, the first critique of
eHEALS was made, finding a weak correlation between the
scale and eHealth behaviors beyond web-based
information-researching skills, suggesting the need to revise
the tool [6]. These observations were reasonable. According to
the most widely accepted generation division of internet
evolution, the current internet environment has gone through
three stages. The first one, Web 1.0, refers to the read-only web,
whereas Web 2.0 refers to a read-write mode, providing a
“participative social web” with greater collaboration and
interactivity between consumers, programmers, service
providers, and organizations. Web 3.0 is the current
environment, the so-called “semantic web,” accessible in a
“read-write-execute” mode, providing digital, personal, and
intelligent services [7-9]. The eHEALS was developed 15 years
ago for measuring the abilities related to page views; it is
necessary to enrich and update it for better scaling of current
eHealth usage [4,5].
To fill this gap, other measures of EHL have been developed.
For example, van der Vaart et al [6] designed 9 assignments to
test the “actual performance of eHealth literacy.” However,
those assignments were more for testing health-related internet
https://www.jmir.org/2021/9/e31627
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skills rather than actual EHL. Moreover, the practical test
approach would limit the number of participants. In 2017,
another tool called the Digital Health Literacy Instrument was
developed [10], which included 21 self-assessed items
supplemented with 7 performance-related tasks that focused on
handling digital information. They were mainly related to
navigating the internet and messaging health professionals. The
assignments developed by van der Vaart et al [6,10] were not
the only ones to assess individuals’ EHL. The Readiness
Self-Assessment-Health Professions version [11] also measured
participants’ perceived ability and their actual ability to obtain
and evaluate eHealth information. It is worthy to mention that
the developers of the Readiness Self-Assessment-Health
Professions version believed that the readiness to use
internet-based resources should be seen as a component of EHL.
The Patient Readiness to Engage in Health Internet Technology
[12] measures readiness as well. It was developed based upon
the groundwork of eHEALS but expanded the understanding
of EHL to include two meta-factors: facilitators and barriers.
Beyond task performance and readiness evaluations, several
other measurements focused on evaluating people’s Web 2.0
skills, specifically their literacy on web-based social activities.
One of them was the 19-item electronic Health Literacy Scale
(eHLS) [13]. It examined the behavioral, communicational, and
attitudinal components of health literacy among eHealth
information seekers, which expanded the conceptualization
beyond the traditional document-based measures to include
interactive and communicative aspects of literacy. Another scale
for Web 2.0 is the eHealth Literacy Scale (eHEALS) [14],
suggesting that the underlying social structure affects an
individual’s health status, computer literacy, intrinsic interest
in health, and perceived ability to use the internet for health
purposes. In addition, there were two other measurements that
provided a different understanding of EHL. The eHealth Literacy
Questionnaire (eHLQ) [15] comprehending EHL under a
user-need perspective characterizing eHealth users paid attention
to eHealth users’ understanding, attitudes, and motives. The
eHealth Literacy Assessment Toolkit (eHLA) [16] was a mix
of existing and newly developed scales that viewed EHL as a
combination of health literacy, computer and digital literacy,
and information literacy. A recent study translated the eHEALS
[3] into Chinese and examined its psychometric properties
among the Chinese population [17]. However, the referenced
study has not measured individuals’ EHL in the context of Web
2.0 and 3.0, and the stability (eg, test-retest reliability and
measurement invariance) of the EHL scale has not been
examined.
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Although previous studies have provided new ways to assess
EHL with some of them scaling web communication abilities,
all the tools mentioned above have not yet measured the skills
of Web 3.0 technologies. Insufficient knowledge existed in the
newly required competencies of EHL (eg, capacity for using
mobile services, sense of information safety, and abilities of
screening, communicating, and sharing). Furthermore, except
for eHEALS, these scales have not been used by other
researchers, which means there is still no well-developed scale
for evaluating individuals’ EHL worldwide.
The COVID-19 pandemic led to a decrease in interpersonal
social activities, but increased individuals’ EHL [18,19].
According to the annual report provided by a famous clinical
virtual community in China publishing health care–related and
clinical insights and findings [19], the visitor volume increased
by 4.6 times compared to what it was earlier. Predictably,
increased use of health information technology would change
people’s health care styles, shifting partially from offline to
internet-based services. In such an environment, it is essential
to develop a new instrument and provide a valid tool to measure
current EHL levels. As college students are the major internet
users and frequently turn to it for eHealth information [20], the
current research aimed to develop a scale to measure EHL in
the Web 3.0 context (eHLS-Web3.0) and examine its reliability
and validity among Chinese college students. Accordingly, two
studies were implemented; the first study aimed to develop an
eHealth literacy scale (eHLS-Web3.0), including three steps:
item pool generation, content validation, and exploratory factor
analysis (EFA); the second study aimed to examine the validity
(construct, convergent, and concurrent), reliability (internal
consistency and test-retest reliability) and measurement
invariance across genders (female and male), majors
(sport-related, medical, and general), and regions (Yinchuan,
Kunming, Xiamen, and Beijing) in Chinese college students.
The current research was approved by the Research Ethics
Committee of Hong Kong Baptist University.

Methods
Study 1
Participants
Step 1: Item Pool Generation
This step involved 28 college students, including 18 interviewees
for item pool generation and 10 students for readability and
cultural sensitivity examination. Snowball sampling [21] was
applied in 2019 (before the COVID-19 pandemic) to recruit
interviewees from three different Chinese cities (Beijing,
Wuhan, and Putian). These three cities were selected based on
the cultural geographic (north, middle, and south) and economic
statuses (high, medium, and low) of these Chinese cities [22-24].
All eligible participants met the following inclusion criteria:
(1) experience in using eHealth websites and tools, (2) having
sufficient Chinese language skills, and (3) willingly consent to
participate in the interview. Regarding the sample size, although
there is no definite criterion for qualitative research, the number
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of participants should be in accordance with the creed of
theoretical saturation, which means no new or relevant data
emerge [25]. To achieve theoretical saturation, based on the
“rule of thumb,” the suggested number of participants for
interview studies is approximately 12 to 15 [26]. In the current
study, 18 Chinese college students participated in the
semistructured interviews via telephone; they included 3 males
and 3 females from sports, medical, and ordinary
nonhealth-related majors. All the telephonic interviews were
conducted in Chinese (Mandarin) language and recorded
digitally with the interviewees’ consent. An initial item pool
was built based on the interview data and the existing literature.
Next, 10 college students were randomly recruited to examine
accessibility (eg, readability) and cultural sensitivity of those
candidate items, and the participants’ ability to complete the
self-administered survey. An informed consent form was
delivered to each student before data collection.
Step 2: Content Validation
Based on the guideline proposed by Lynn [27], 8 Chinese health
experts were invited to validate the content of the selected items
[27]. The selection of the health experts was based on the
following criteria: (1) published at least one paper related to
health literacy or eHealth, (2) have sufficient Chinese language
proficiency, and (3) confirmed their willingness and consent
for participating in the interview.
Step 3: EFA Process
The participants involved in this step constituted an independent
sample with the recruitment criteria similar to those in the
interviewees of step 1, except that the target cities for participant
recruitment were changed. This is because step 3 was performed
after the outbreak of COVID-19. The previous target city Wuhan
was avoided to enhance the generalizability of the new scale.
In step 3, four different representative Chinese cities were
chosen, including Beijing, Xiamen, Kunming, and Yinchuan.
These four cities were selected based on their geographic
locations (north, southeast, southwest, and northwest), political
status (country capital, provincial capital, and prefecture-level
city), and economic status (high, medium, and low) [22-24].
Furthermore, these four cities were chosen considering the issues
of “convenience and feasibility” [28].
The questionnaire was distributed via a survey distribution
website, starting with prior informed consent, followed by the
main content of the survey. The participation was voluntary,
and all participants were allowed to withdraw from the study
at any time. University lecturers from the target cities helped
distribute the link to the questionnaire in the classes. Based on
the suggestion of Bryman [25,29,30], at least 240 observations
were required for EFA (1:10 item-to-response ratio) in the
current study. Finally, 393 students responded to the
questionnaire and provided information regarding their age,
gender, major, and experience of using health-related electronic
tools or websites, which led to an adequate sample size. It took
approximately 5 to 10 minutes for the participants to complete
the questionnaire. The characteristics of the participants in study
1 are presented in Table 1.
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Table 1. Characteristics of participants in study 1.
Demographic information

Values

Interviewees (n=18)
Age (years), mean (SD)

22.1 (1.02)

Age range

21-25

Gender (female), n (%)

9 (50)

Readability examiners (n=10)
Age (years), mean (SD)

20.3 (0.95)

Age range

19-22

Gender (female), n (%)

7 (70)

Experts for content validation (n=8)
Age (years), mean (SD)

38.3 (5.92)

Age range

30-46

Gender (female), n (%)

7 (87.5)

a

Sample for EFA (n=393)

a

Age (years), mean (SD)

20.5 (1.36)

Age range

18-25

Gender (female), n (%)

202 (51.4)

EFA: exploratory factor analysis.

Procedure

items were either eliminated or revised based on the experts’
suggestions.

Step 1: Item Pool Generation
There were three types of sources for forming the item pool.
The first comprised well-established EHL instruments (eg,
eHEALS, eHLQ, and e-HLS). The feasible items were selected
and adapted to form the initial item pool. Second, items from
well-known health or computer literacy scales were deliberately
selected because they were measuring important elements of
EHL. Third, items were generated from the previous interview
results. For the first and second types of sources, some items
were developed by western scholars. Those items were translated
by two PhD students specializing in health promotion, and then
back-translated by a senior Chinese English teacher unfamiliar
with eHealth-literacy–related indices. Subsequently, 10 college
students helped assess the comprehensibility, clarity, and length
of the items via a dichotomous scale (applicable vs inapplicable).
The inapplicable items were deleted or refined.

Step 3: EFA Process
The items generated in step 2 were placed in the format of a
5-point Likert scale, ranging from 1 (strongly disagree) to 5
(strongly agree). The distribution pattern of the items was
examined. The ones with non-normal distributions were
eliminated. EFA was performed for the remaining items.
Principal component factoring with direct oblimin rotation was
performed. Factor extraction was based on an eigenvalue higher
than 1 and a confirmatory inspection of the scree plot. Items
with primary factor loadings of 0.4 and above were considered
interpretable [32,33]. Items with cross-loading were deleted,
which refers to those having a second highest factor loading of
0.3 or higher or having a small gap (less than 0.2) between the
primary and secondary loadings [32,33]. Bivariate correlations
between the subscales were also tested.

Step 2: Content Validation
The generated item pool was sent to the panel of experts. The
experts assessed the relevance of each item to the understanding
of EHL, using a 4-point Likert scale ranging from 1 (irrelevant)
to 4 (extremely relevant). They were asked to provide ratings
and suggestions for alternative items. The ratings were used to
calculate the content validity index [27] of each item (I-CVI).
The I-CVI was calculated by dividing the number of judges
providing a rating above 3 by the total number of judges. The
acceptable I-CVI score had to be above 0.83 [27,31]. The invalid
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Study 2
Participants
The participants were independent samples with the recruitment
criteria similar to those used in the EFA step. Considering the
item-to-response ratios of at least 1:10 [29] and the
recommendation for a minimum sample size of 200 in
confirmatory factor analysis (CFA) [34], 741 college students
were invited to participate in the current study. After 1.5 months,
a follow-up retest was distributed to the same group of people,
and 306 of them responded. A summary of the CFA participants
is presented in Table 2.
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Table 2. Sample characteristics for confirmatory factor analysis (N=741).
Demographic information

Value

Age (years), mean (SD)

21.3 (1.39)

Age range

17-25

Gender (female), n (%)

387 (52.2)

Major
Medical, n (%)

41 (5.5)

Sport, n (%)

128 (17.3)

Nonhealth-related, n (%)

572 (77.2)

Region
Beijing, n (%)

124 (16.7)

Xiamen, n (%)

287 (38.7)

Kunming, n (%)

216 (29.1)

Yinchuan, n (%)

114 (15.4)

Measures
The eHLS-Web3.0 instrument was developed in study 1,
consisting of 24 items classified based on 3 factors: acquisition
(8 items), verification (6 items), and application (10 items). The
answers were indicated on a 5-point Likert scale ranging from
1 (strongly disagree) to 5 (strongly agree). The internal
consistency (Cronbach α) for the total scale was .971 and those
for the subscales were 0.913-0.962 in Chinese college students.
The eHEALS was initially developed by Norman and Skinner
[3] as the first and most widely used tool for measuring EHL.
It is an 8-item unidimensional scale whose validation was
performed in a population of adolescents (aged 13-21 years)
from 14 secondary schools in a large Canadian city. The Chinese
version of eHEALS was tested in 110 senior high school
students by Guo et al [35]. The internal consistency (Cronbach
α) for the total scale was .913, and the factor loading coefficients
were between 0.692 and 0.869 [35] in Chinese senior high
school students.

Procedure
The procedures for data collection were identical to those of
the EFA step. Participants were selected from four target cities,
Beijing, Xiamen, Kunming, and Yinchuan, by snowball
sampling. The eHLS-Web3.0 was distributed to participants
who were independent of those participating in the EFA step
via the internet. University lecturers from the target cities
independent of those in the EFA helped distribute the link to
the questionnaire in the classes they taught; they consciously
avoided the classes that had participants in the EFA step.
Informed consent forms were delivered to the participants before
the survey. It took approximately 10 minutes for the participants
to finish the questionnaire. A retest was delivered to them 1.5
months later.

in the measurement model, the maximum likelihood robust
estimator was employed [37]. The chi-square statistic (χ2) was
used to test the model’s overall goodness of fit [38]. Multiple
model fit indices were examined further, including the
comparative fit index [39] and Tucker-Lewis index [40], with
a cutoff value of approximately 0.9 and above indicating a
satisfactory fit between the CFI and TLI [41]; the standardized
root mean residual (SRMR) [39,41] with values near 0.08
indicates adequate model fit; the root mean square error of
approximation (RMSEA) and its 90% CI [42] indicate good fit
at values less than 0.08. The standardized factor loadings and
standardized residuals were examined. Items with factor
loadings below 0.4 and large standardized residuals (≥2) were
removed. The concurrent validity was examined by calculating
the bivariate correlations between the subscale of the
eHLS-Web3.0 and eHEALS using SPSS (version 24.0, SPSS
Inc). The convergent validity was tested by examining the
average variance extracted (AVE), for which values above 0.5
indicated an acceptable measurement. Internal consistency
reliability was examined by analyzing the Cronbach α and the
composite reliability coefficient (CR), for which the CR values
above 0.7 [43] were considered acceptable. The test-retest
reliability was measured by examining the bivariate correlation
between the score of eHLS-Web3.0 determined in the CFA
stage and the follow-up stage after 1.5 months. A multiple-group
covariance structure analysis approach was employed to examine
whether the measurement was invariant across genders, majors,
and regions [44]. A ΔCFI value smaller than or equal to 0.01
between incrementally constrained models should be accepted
as evidence of adequate fit [45].

Results
Study 1

Data Analysis

Step 1: Item Pool Generation

To test the construct validity of the current scale, the items were
analyzed through CFA with structural equation modeling using
Mplus (version 7) [36]. After testing the distribution of the items

Previous interviews yielded 374 tags and a conceptual
framework for EHL, as shown in Figure 1.
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Figure 1. Conceptual framework of eHealth literacy.

The Health 1.0 part was consistent with existing research
[3,4,6,10-12]; some Health 2.0 behaviors (describing,
communicating, and sharing) [14,15] have also been mentioned
by other researchers. In contrast, this study presents a first look
at behaviors related to Web 3.0 and delves deeper into the social
network services with respect to eHealth, finding that the
application of information is currently much more complicated
than before; other than researching on the internet or applying
the information to make health-related decisions or solve
problems, individuals could also create their own health data,
use the information to communicate, respond (ie, giving
suggestions and advice, and responding to help seekers),
socialize with others, and share and post information (ie, forward
helpful information or post their own health or fitness data).
Based on the abovementioned tags and existing well-established
scales, 266 items were developed, taking the form of eHEALS
(eg, I know how to find helpful health resources on the internet)
in the Chinese language. Specifically, there were 114 items for
Health 1.0 skills, 39 for Health 2.0 ones, 55 for Health 3.0 ones,
42 for readiness-related ones (mostly retrieved from earlier
studies) [11,12], and 16 for health literacy ones (as per an earlier
study) [10]. To ensure the relevance, readability,
comprehensibility, and clarity of the scale to the targeted
Chinese population, it was assessed by 10 college students who
were conveniently selected. Suggestions were given by the
participants to improve the comprehensibility of the preliminary
pool. Among the items, 7 duplicated ones were discussed, 3 of
them were deleted, and 4 of them were merged into 2 items.
Next, 5 items were removed owing to unclear text. Further, 56
items were excluded because they were considered inapplicable
for testing EHL by more than 3 students. After that, 200
candidate items were retained for the next step.
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Step 2: Content Validation
Following the adjustments of the item pool, the candidate items
were forwarded to 8 specialists in the health literacy and eHealth
areas to review the content and assess its validity. Based on
their quantitative ratings, the I-CVI was calculated for individual
items. Items rated “1” or “2” indicating inapplicability according
to two reviewers (I-CVI<0.83) were subsequently deleted.
Additionally, suggestions regarding refinement of the scenario
or item pool were elicited.
Based on the specialists’ quantitative feedback, 128 items were
considered irrelevant and excluded. For the remaining 72 items,
a discussion among specialists was arranged via a web-based
group chat and videoconferencing for obtaining more detailed
suggestions. Some mergers and adjustments were made to make
the scale the clearest and the most easily understandable one.
For instance, in the initial version, the abilities to choose proper
forums and apps were measured separately following expert
suggestions; these items were merged into one using the term
“eHealth tools.” The questions on web-based celebrity and
official accounts were also conflated. Some items testing
attitudes for eHealth, especially the readiness-related ones, were
considered not related to “ability” and eliminated. After the
creation and refinement steps, the final number of items for
field testing was 50.

Step 3: EFA Process
The 50 refined items were randomized and administered to 393
college students via the internet. Descriptive statistical analysis
was performed with SPSS (Version 20) examining the
distribution pattern of each item. Items 2, 10, 37, and 50 were
non-normally distributed (their kurtosis ranges were beyond –1
and 1). For the 46 remaining items, EFA was performed. The
results of the Kaiser-Meyer-Olkin (KMO) and Bartlett tests
performed during EFA showed that the KMO statistic for these
J Med Internet Res 2021 | vol. 23 | iss. 9 | e31627 | p.1197
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items was 0.966, which is higher than 0.6, thus proving that the
factor analysis model was appropriate and useful to analyze
current data sets. Principal component factoring with direct
oblimin rotation was used. Factor extraction was based on an
eigenvalue higher than 1 and a confirmatory inspection of the
scree plot shown in Figure 2. Items with primary factor loadings
of 0.4 and above were considered interpretable. We excluded
5 items (#1, #11, #27, #28, and #36) with inadequate factor

Liu et al
loadings were excluded. Subsequently, 13 other items were
found to have a second highest factor loading of 0.3 or higher,
and 4 other items (#22, #29, #33, and #41) had a small gap (less
than 0.2) between the primary and secondary loadings. They
were identified as items with cross-loading and were deleted as
well. Therefore, 5 factors were extracted from initial factoring,
and 3 strong factors were identified with the 24 items remaining,
as shown in Table 3.

Figure 2. Confirmatory inspection of the scree plot.
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Table 3. Principal component analysis of the electronic Health Literacy Scale-Web3.0.
Item

a

Component
1

2

3

#3: I know which kind of eHealth tool I should choose to fit my health needs (ie,
checking drug description, seeking health advice, or making weight loss plan).

—a

—

–0.817

#4: I can judge whether the eHealth tool is credible or not.

—

—

–0.659

#5: I will prefer to obtain the health information (ie, information about medical, sport —
or daily care) via offline channel.

—

0.880

#6: I know where to find useful health resources on the internet.

—

—

–0.424

#26: When communicating with others on the internet, I can articulate my health-related concerns clearly.

—

—

–0.530

#30: When replying to others’ health-related help-seeking on the internet, I can provide —
responsible response (which means my answer can neither mislead others, nor)

—

–0.547

#31: I can judge whether the health information available on the internet has a com- —
mercial interest (ie, the person providing the information is for the sale of a product).

—

–0.557

#35: When using the eHealth tools, I will protect the originality of the information (ie, —
never plagiarize others’ original content, report an offense to those infringing ones).

—

–0.550

#14: When searching the health information on the internet, I will check the credentials —
and affiliations of author.

–0.979

—

#15: When searching the health information on the internet, I will check who owns
the website.

—

–0.938

—

#16: When searching the health information on the internet, I will check the date of
its last update.

—

–0.864

—

#17: When searching the health information on the internet, I will check whether
other print or web resources had confirmed this information.

—

–0.903

—

#18: I know how to verify the eHealth information from multiple sources.

—

–0.510

—

#20: Even if the health information I obtained is from someone I trust, I will still check —
it on the internet.

–0.444

—

#38: I know how to use the eHealth tools to record my health behaviors.

0.873

—

—

#39: I know how to make use of the records on the eHealth tools to provide reference 0.852
for my daily health management.

—

—

#40: I know how to use the eHealth tools to track my health behaviors (ie, acquainting 0.869
my exercise frequency or the change curve of body fat rate).

—

—

#42: I can continuously use a certain eHealth tool (ie, apps, intelligent body fat scale, 0.919
fitness bracelet) for a long time.

—

—

#43: I can use the eHealth tools with a clear plan.

0.863

—

—

#44: I can adjust my frequency, strength, and usage pattern timely when using the
eHealth tool according to the actual condition.

0.879

—

—

#45: I know how to use the eHealth tools to post and share my eHealth behaviors (ie, 0.922
post my motion trails on health apps or moments on WeChat).

—

—

#46. I know how to use the sports functions on social network services (such as WeRun 0.688
on WeChat) to interact with others (eg, thumb up, forward).

—

—

#47: I will target the advanced players I follow on the eHealth tools, learn from them, 0.793
and catch up with them.

—

—

#48: I will try out some health-related suggestions available on the internet and control 0.811
the risks (ie, get injured or take the wrong medicine).

—

—

Eigenvalue

14.439

1.658

1.114

Variance (%)

60.163

6.909

4.643

Cumulative (%)

60.163

67.072

71.715

Not available.
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Thus far, the current instrument has 24 items that were sorted
based on 3 factors: acquisition (8 items), verification (6 items),
and application (10 items). The total variance of this scale
explained by these 3 factors was 71.715%. The internal
consistency of each factor was also tested using the Cronbach
α, as shown in Table 4. The result was satisfactory.

Bivariate correlations between the subscales were tested, and
they are shown in Table 5. The moderate strength of the
correlations indicated that the subscales were measuring related
but distinct constructs.

Table 4. Reliability statistics.
Scale

Score, mean (SD)

Cronbach α

Scale in total

86.27 (14.5)

.971

Subscale of Factor 1

36.25 (7.5)

.962

Subscale of Factor 2

21.96 (7.5)

.934

Subscale of Factor 3

28.06 (4.0)

.913

Table 5. Correlations between the subscales.
Subscale 1

Subscale 2

Subscale 3

r

1

—a

—

P value

—

—

—

r

0.774

1

—

P value

<.001

—

—

r

0.783

0.726

1

P value

<.001

<.001

—

Subscale 1

Subscale 2

Subscale 3

a

Not available.

It was surprising that positive and negative factor loadings
existed simultaneously in the principal component analysis.
Reviewing the scale showed that only item 5 was asked in a
reverse manner, which might have confused participants and
led to such a case. After discussion, the authors decided to refine
item 5 as “I will obtain the health information (ie, medical,
sport, or daily care information) on the internet.” In addition, a
conditional statement “If needed, I can…” was added to items
18 and 19 in case some participants did not use eHealth tools
frequently. As a result, the adjusted 24 items in 3 dimensions
comprising 6, 8, or 10 items in each were developed to yield
the new eHLS-Web 3.0 instrument (see Multimedia Appendix
1).

Study 2
Construct Validity of eHLS-Web3.0
The primary CFA showed that the model did not fit the data
very well, with fit indices of χ2249=1351.230, χ2249=5.427,
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CFI=0.873, TLI=0.860, RMSEA=0.077, and SRMR=0.056.
According to the model modification indices, the residual errors
of 5 items (#1, #15, #19, #21, and #23) were corrected. After
modification, the eHLS-Web3.0 met the criteria for good model
fit, with χ2244=903.076, χ2244=3.701, CFI=0.924, TLI=0.914,
RMSEA=0.06, and SRMR=0.051. The factor loadings (see
Multimedia Appendix 2) obtained using the 3-factor model
were found to fit well with the data. The standardized loadings
were all above 0.6, most of which were greater than 0.8.
Correlations between the 3 factors were moderate to high.

Convergent and Concurrent Validities of eHLS-Web3.0
The AVE was calculated as 0.52 using the data collected in the
EFA stage, showing an acceptable convergent validity. For the
concurrent validity, the bivariate correlations between the
subscale of the eHLS-Web3.0 and eHEALS were significant,
showing a satisfactory result, as indicated in Table 6.
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Table 6. Correlations between subscales of the electronic Health Literacy Scale-Web3.0 and eHealth Literacy Scale.
eHLS-Web3.0a

Subscale 1

Subscale 2

Subscale 3

r

0.893

—c

—

—

P value

<.001

—

—

—

r

0.880

—

—

—

P value

<.001

—

—

—

r

—

—

0.725

—

P value

—

—

<.001

—

Subscale 3

—

—

—

—

r

—

—

—

0.853

P value

—

—

—

<.001

eHEALSb

Subscale 1

Subscale 2

a

eHLS-Web3.0: electronic Health Literacy Scale-Web3.0.

b

eHEALS: eHealth Literacy Scale.

c

Not applicable.

Internal Consistency and Test-Retest Reliabilities of
eHLS-Web3.0
The Cronbach α, composite reliability coefficient, and the
item-total correlations were calculated to examine the internal
consistency reliability of the new instrument. The specific results
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are presented in Table 7, indicating satisfactory internal
consistency reliability.
An acceptable test-retest reliability was achieved, showing that
the eHLS-Web3.0 was relatively stable over time, as shown in
Table 8.
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Table 7. Internal consistency reliability statistics.
Statistic

Value

Subscale 1
Range of interitem correlations

0.549-0.832

Minimum corrected item-total correlation

0.726

Composite reliability coefficient

0.937

Cronbach α

.950

Subscale 2
Range of interitem correlations

0.726-0.807

Minimum corrected item-total correlation

0.828

Composite reliability coefficient

0.934

Cronbach α

.935

Subscale 3
Range of interitem correlations

0.511-0.898

Minimum corrected item-total correlation

0.673

Composite reliability coefficient

0.956

Cronbach α

.958

a

eHLS-Web3.0

a

Range of interitem correlations

0.470-0.898

Minimum corrected item-total correlation

0.858

Composite reliability coefficient

0.981

Cronbach α

.976

eHLS-Web3.0: electronic Health Literacy Scale-Web3.0.

Table 8. Correlations between test (T1) and retest (T2).
Test

T1

T2

Mean (SD)

83.97 (14.67)

—a

r

—

—

P value

<.001

—

Mean (SD)

—

86.37 (15.35)

r

—

0.858

P value

—

<.001

T1

T2

a

Not applicable.

Multigroup CFAs were employed to examine whether the
measurement was invariant across genders, majors, and regions.
Results of the invariance analyses are provided in Tables 9-11.

factor loadings and intercepts across genders. The strict model
(M3) reflected acceptable fit to the data. Although the △SRMR
in M3 showed poor fit, the other indices showed a satisfactory
goodness of fit (△CFI and △RMSEA<0.01), indicating that
the residual errors were equivalently invariant across genders.

For the gender invariance analysis presented in Table 9, it was
found that the configural model (M0) showed satisfactory fit
to the data. The matric model (M1) and strong model (M2)
displayed satisfactory fit to the data, and their △CFI was less
than 0.01; the △RMSEA was less than 0.01, and the △SRMR
was less than 0.025. These indices supported the invariance of

For the major invariance analysis, the model fitness tests and
comparisons were performed across all three samples, including
general (nonhealth-related), sport, and medical major students.
The configural model (M0) showed satisfactory fit to the data
between general and sport as well as general and medical,
whereas the configural model reflected a marginal-to-acceptable

Measurement Invariance of eHLS-Web3.0
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fit (CFI=0.849) between sport and medical majors. This is most
likely because the medical group had a much smaller sample
size than the sport group. As for the goodness of model fit, the
matric model (M1), strong model (M2), and strict model (M3)
displayed satisfactory and acceptable fit to the data between
general and sport as well as general and medical, and

marginal-to-acceptable fit to the data between sport and medical
groups. The △CFI and △RMSEA of all these models were
less than 0.01, and the △SRMR was less than 0.025. These
indices supported the invariance of the factor loadings,
intercepts, and residual errors across majors, as observed in
Table 10.

Table 9. Invariance analysis of the electronic Health Literacy Scale-Web3.0 across genders (nmale=354 and nfemale=387).
Model

χ2a (df)

CFIb

△CFIc

RMSEAd

△RMSEAe

SRMRf

△SRMRg

M0h

1215.588 (488)

0.918

—i

0.063

—

0.057

—

M1j

1264.312 (488)

0.915

–0.003

0.063

0

0.064

0.007

M2k

1328.711 (488)

0.91

–0.005

0.063

0

0.067

0.003

M3l

1368.771 (539)

0.906

–0.004

0.064

0.001

0.205

0.138

a 2

χ : chi-square ratio statistic.

b

CFI: comparative fit index.

c

△CFI: change in the comparative fit index.

d

RMSEA: root mean square error of approximation.

e

△RMSEA: change in the root mean square error of approximation.

f

SRMR: standardized root mean residual.

g

△SRMR: change in the standardized root mean residual.

h

M0: baseline configural invariance model.

i

Not available.

j

M1: metric invariance model.

k

M2: strong invariance model.

l

M3: strict invariance model.
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Table 10. Invariance analysis of the electronic Health Literacy Scale-Web3.0 across majors (ngeneral=572, nmedical=41, and nsport=128).
Model

χ2a (df)

CFIb

△CFIc

RMSEAd

△RMSEAe

SRMRf

△SRMRg

General and sport-related majors
M0h

1240.042 (488)

0.922

—i

0.066

—

0.05

—

M1j

1272.243 (509)

0.92

–0.002

0.065

–0.001

0.053

0.003

M2k

1320.117 (533)

0.918

–0.002

0.065

0

0.061

0.008

M3l

1326.536 (539)

0.918

0

0.065

0

0.059

–0.002

General and medical majors
M0

1354.433 (488)

0.912

—

0.076

—

0.056

—

M1

1394.817 (509)

0.91

–0.002

0.075

–0.001

0.064

0.008

M2

1448.693 (533)

0.907

–0.003

0.075

0

0.066

0.002

M3

1451.485 (539)

0.907

0

0.074

–0.001

0.067

0.001

Medical and sport-related majors
M0

952.825 (488)

0.849

—

0.106

—

0.068

—

M1

991.739 (509)

0.843

–0.006

0.106

0

0.092

0.024

M2

1031.023 (533)

0.838

–0.005

0.105

–0.001

0.095

0.003

M3

1035.032 (539)

0.839

0.001

0.104

–0.001

0.099

0.004

a 2

χ : chi-square ratio statistic.

b

CFI: comparative fit index.

c

△CFI: change in the comparative fit index.

d

RMSEA: root mean square error of approximation.

e

△RMSEA: change in the root mean square error of approximation.

f

SRMR: standardized root mean residual.

g

△SRMR: change in the standardized root mean residual.

h

M0: baseline configural invariance model.

i

Not applicable.

j

M1: metric invariance model.

k

M2: strong invariance model.

l

M3: strict invariance model.

For the region invariance analysis, the model tests and
comparisons were conducted across all the four groups of
samples, including students from Kunming, Yinchuan, Xiamen,
and Beijing. The configural model (M0) showed acceptable fit
to the data across all the four regional samples. For the goodness
of model fit, the matric model (M1) and strong model (M2) for
every group displayed acceptable fit to the data. For every group,
the △CFI and △RMSEA of the models were less than 0.01,
and the △SRMR was less than 0.025. These indices supported
the invariance of the factor loadings and intercepts across
regions. The strict model (M3) for each group also reflected
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acceptable fit to the data. However, between Kunming and
Yinchuan, Kunming and Xiamen, Yinchuan and Xiamen, and
Xiamen and Beijing, the △SRMR of the strict model (M3)
reflected a poor fit, as shown in Table 11. Despite this, the other
indices showed a satisfactory goodness of fit (the △CFI and
△RMSEA were less than 0.01), proving that the residual errors
were equivalently invariant across the regions.
In summary, these findings supported the measurement
invariance of the eHLS-Web3.0 model (factor loadings,
intercepts, and residual errors) across genders, majors, and
regions.
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Table 11. Invariance analysis of the electronic Health Literacy Scale-Web3.0 across regions (nKunming=216, nYinchuan=114, nXiamen=287, and
nBeijing=124).
Region

χ2a (df)

CFIb

△CFIc

RMSEAd

△RMSEAe

SRMRf

△SRMRg

Kunming and Yinchuan
M0h

1045.16 (488)

0.875

—i

0.083

—

0.068

—

M1j

1074.43 (509)

0.873

–0.002

0.082

–0.001

0.076

0.008

M2k

1126.886 (533)

0.867

–0.006

0.082

0

0.082

0.006

M3l

1137.122 (539)

0.866

–0.001

0.082

0

0.107

0.025

Kunming and Xiamen
M0

1127.636 (488)

0.908

—

0.072

—

0.058

—

M1

1172.651 (509)

0.904

–0.004

0.072

0

0.071

0.013

M2

1228.577 (533)

0.899

–0.005

0.072

0

0.079

0.008

M3

1249.567 (539)

0.897

–0.002

0.072

0

0.182

0.103

Kunming and Beijing
M0

1023.786 (488)

0.879

—

0.08

—

0.074

—

M1

1038.028 (509)

0.88

0.001

0.078

–0.002

0.078

0.004

M2

1095.957 (533)

0.872

–0.008

0.079

0.001

0.083

0.005

M3

1102.118 (539)

0.872

0

0.078

–0.001

0.098

0.015

Yinchuan and Xiamen
M0

1043.404 (488)

0.908

—

0.075

—

0.047

—

M1

1078.271 (509)

0.906

–0.002

0.075

0

0.054

0.007

M2

1118.863 (533)

0.903

–0.003

0.074

–0.001

0.055

0.001

M3

1128.242 (539)

0.903

0

0.074

0

0.109

0.054

Yinchuan and Beijing
M0

917.12 (488)

0.874

—

0.086

—

0.067

—

M1

936.311 (509)

0.875

0.001

0.084

–0.002

0.076

0.009

M2

1008.445 (533)

0.861

–0.014

0.087

0.003

0.085

0.009

M3

1024.654 (539)

0.858

–0.003

0.087

0

0.094

0.009

Xiamen and Beijing
M0

1026.47 (488)

0.913

—

0.073

—

0.054

—

M1

1058.117 (509)

0.912

–0.001

0.072

–0.001

0.063

0.009

M2

1126.022 (533)

0.904

–0.008

0.074

0.002

0.069

0.006

M3

1137.64 (539)

0.904

0

0.074

0

0.117

0.048

a 2

χ : chi-square ratio statistic.

b

CFI: comparative fit index.

c

△CFI: change in the comparative fit index.

d

RMSEA: root mean square error of approximation.

e

△RMSEA: change in the root mean square error of approximation.

f

SRMR: standardized root mean residual.

g

△SRMR: change in the standardized root mean residual.

h

M0: baseline configural invariance model.
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i

Not available.

j

M1: metric invariance model.

k

M2: strong invariance model.

l

M3: strict invariance model.

Discussion
Principal Findings
The current study developed and tested a new measurement tool
for EHL in Chinese with the Web 3.0 context named
eHLS-Web3.0. A multistage program was applied, generating
24 items that represent the updated content of EHL in the current
internet environment. In comparison with other eHealth models
[3,5], the new instrument measures not only the skills for
searching eHealth information (Health 1.0 skills) or
communicating with service providers (Health 2.0 skills), but
also the skills for building personal health data sets,
self-tracking, and protecting privacy (Health 3.0 skills).
Although the items were built upon the groundwork laid by the
eHEALS [3], with the insights from the participants’ usage of
the Web 3.0 technology, eHLS-Web3.0 went beyond the
computer skill and media literacy components of the eHEALS.
It provided a much deeper understanding of people’s interactions
with different types of eHealth tools and the application of the
information they obtained or created. Construction and validity
testing in a broad range of target groups generated clear evidence
of construct, convergent, and concurrent validities, as well as
composite and internal consistency, and test-retest reliability.
Measurement invariance was also found across genders, majors,
and regions. This initial validity test indicated that the
eHLS-Web3.0 was likely to be valuable for the characterization
and understanding of EHL.

Study 1
An effective eHealth literacy scale was developed in this study.
When generating the item pool, it was hypothesized that the
eHLS-Web3.0 would be categorized into 3 dimensions, namely
Health 1.0, Health 2.0, and Health 3.0, for the items were
generated based on the use experience of eHealth tools in
different information technology (IT) generations. However,
the result was different from what was hypothesized. Each item
was applicable for evaluating the usage of eHealth tools in all
the IT generations. The result revealed that current EHL is a
comprehensive constellation of abilities where the 3 factors
were correlated, distinguished, and combined, together
influencing people’s usage of eHealth tools, irrespective of the
generations of the tools. Moreover, during the development,
the features of EHL were examined by EFA, which revealed
that the data supported a 3-factor structure. This 3-factor
structure differed from those in other concept-based EHL scales
used in previous studies. For instance, the most widely used
one, eHEALS, is a unidimensional tool that only focuses on
individuals’ Health 1.0 abilities [3]. As an updated measurement
tool, it is reasonable for eHLS-Web3.0 to be categorized into
more factors. The 8-subscale Patient Readiness to Engage in
Health Internet Technology [12] and 7-subscale eHLQ [15]
considered the internal perceptions (eg, need, motivation, sense
of safety, and anxiety) and external environment (relationship
with service provider and access to the tools) along with the
https://www.jmir.org/2021/9/e31627
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skills and abilities. In accordance with Norman and Skinner [3],
this study defined EHL as the set of capabilities for people to
properly understand all types of web-based health information
and maintain their health and did not consider other internal
and external factors for item generation so that the
eHLS-Web3.0 could have a concise and targeted structure. It
is worth mentioning that the factor structure of eHLS-Web3.0
is similar to the 3D eHLS [14]. The eHLS was developed
following a thorough literature review, including functional,
interactive, and critical dimensions of the eHLS. In the eHLS,
the functional dimension is about understanding and calculating,
the interactive one is about filtering, and the critical one is about
cross-checking and evaluating applicability. No Web 2.0- or
3.0-related item was mentioned in the eHLS. Comparing the
eHLS and eHLS-Web3.0 showed that the acquisition subscale
in eHLS-Web3.0 was similar to the first and second dimensions
in the eHLS (functional and interactive), whereas the verification
part of eHLS-Web3.0 was close to the critical subscale in the
eHLS. The application part is a newly developed dimension in
the current EHL scale, which is consistent with daily
experiences, as the application of information has become much
more complicated than before. Others than apply the information
to make health decisions or solve problems; individuals could
also create their own health data, use the information to
communicate, respond (ie, giving suggestions and advice, and
responding to help seekers), socialize with others, and share
and post information (ie, forward helpful information or post
their own health or fitness data). Therefore, it is essential to
enrich and include the abilities of information application into
EHL. It was confirmed that the factorial structure of the
eHLS-Web3.0 was reliable and valid based on statistics and
theories, and in line with the actual situation.

Study 2
The aim of this study was to examine the validity (concurrent,
convergent, and construct), reliability (composite, internal
consistency, and test-retest reliability) and measurement
invariance (gender, major, and region) of eHLS-Web3.0. The
construct validity was determined through CFA; the
goodness-of-fit indices supported the 3D model structure in
study 1 and confirmed the factorial composition of
eHLS-Web3.0. The concurrent validity was supported by its
high correlation with other well-established and validated
measures of EHL (eHEALS) [3]. The convergent validity was
confirmed by the AVE values, with values above 0.5 indicating
acceptability. Regarding the reliability, the Cronbach α
estimation showed adequate internal consistency reliability for
eHLS-Web3.0 and its subscales. The item-total correlations
were also tested, and they showed relatively high positive values,
indicating that the items in eHLS-Web3.0 discriminated
effectively between high- and low-performing participants.
Given the limitation of the Cronbach α approach [46], the
composite reliability coefficients were also calculated for
eHLS-Web3.0, providing further positive evidence for the
J Med Internet Res 2021 | vol. 23 | iss. 9 | e31627 | p.1206
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reliability of eHLS-Web3.0. Furthermore, the measurement
invariance was measured for eHLS-Web3.0 across genders,
majors, and regions. The establishment of configural, metric,
strong, and structural invariances demonstrated that
eHLS-Web3.0 is an appropriate and a meaningful instrument
to measure EHL across diverse groups and perform comparisons.
Compared with previous studies evaluating EHL among Chinese
people [17,35,47], the current research had the advantage of
using student samples drawn from different regions in China
and from different majors. Besides, a follow-up questionnaire
was designed to check if eHLS-Web3.0 was stable over time.
Most importantly, this study explored the latest usage behavior
related to eHealth, based on which new factors were
meticulously developed to enrich the contents of EHL.

Limitations, Strengths, and Future Directions
The study has several limitations. First, the generalizability of
the findings might be hindered by the snowball sampling. As a
result, a stratified sampling approach is desirable in future [48].
In addition, the results are only based on the responses provided
by Chinese college students; therefore, the applicability of this
tool in other groups needs to be examined. Although a purposive
sample was sought, it is possible that those who responded were
more interested in eHealth than nonrespondents, and this may
have biased the result and the level of EHL. Moreover,
self-reporting questionnaires were used, which may result in
unreliability and inaccuracy because of the inherent drawbacks
of self-reporting (ie, recall bias, over- or under-reporting, and
social desirability) [49]. Finally, the nonhealth-related major
participants were over-represented in the sample, which reflected
certain realities and may also lead to some bias. Consequently,

Liu et al
further invariance tests across majors are required with
acceptably equalized sample sizes in different groups.
Despite the limitations mentioned above, the current study fills
a gap in the literature, as no specific measure of EHL
considering the Web 3.0 IT environment has been previously
developed. A comprehensive understanding of EHL was
achieved in the context of new IT and Chinese culture. By
developing this reliable and valid measurement tool, this study
provides an up-to-date tool to measure the level of EHL among
Chinese college students and evaluate the efficacy of EHL
interventions in future experimental studies on EHL. Moreover,
the relationships among EHL and other health-related variables
could be explored using this new tool. Apart from the previously
stated theoretical values, the newly developed EHL scale may
also be applied to eHealth-related interventions, such as
providing new and valuable information for constructing EHL
training methods.

Conclusions
A new 24-item instrument for measuring eHealth literacy termed
the eHLS-Web3.0 was developed and initially validated in this
study. Three factors were identified in this tool, namely
acquisition, verification, and application. This study validated
the eHLS-Web3.0 in terms of its construct validity, convergent
validity, concurrent validity, internal consistency reliability,
and test-retest reliability in Chinese college students. The
measurement invariance of the eHLS-Web3.0 was also
confirmed across genders, majors, and regions. The 24-item
eHLS-Web3.0 is a valid and reliable instrument for assessing
eHealth literacy in the Chinese context.
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Abstract
Background: Although previous studies have shown that a high level of health literacy can improve patients’ ability to engage
in health-related shared decision-making (SDM) and improve their quality of life, few studies have investigated the role of eHealth
literacy in improving patient satisfaction with SDM (SSDM) and well-being.
Objective: This study aims to assess the relationship between patients’ eHealth literacy and their socioeconomic determinants
and to investigate the association between patients’ eHealth literacy and their SSDM and well-being.
Methods: The data used in this study were obtained from a multicenter cross-sectional survey in China. The eHealth Literacy
Scale (eHEALS) and Investigating Choice Experiments Capability Measure for Adults were used to measure patients’ eHealth
literacy and capability well-being, respectively. The SSDM was assessed by using a self-administered questionnaire. The
Kruskal-Wallis one-way analysis of variance and Wilcoxon signed-rank test were used to compare the differences in the eHEALS,
SSDM, and Investigating Choice Experiments Capability Measure for Adults scores of patients with varying background
characteristics. Ordinary least square regression models were used to assess the relationship among eHealth literacy, SSDM, and
well-being adjusted by patients’ background characteristics.
Results: A total of 569 patients completed the questionnaire. Patients who were male, were highly educated, were childless,
were fully employed, were without chronic conditions, and indicated no depressive disorder reported a higher mean score on the
eHEALS. Younger patients (SSDM≥61 years=88.6 vs SSDM16-30 years=84.2) tended to show higher SSDM. Patients who were rural
residents and were well paid were more likely to report good capability well-being. Patients who had a higher SSDM and better
capability well-being reported a significantly higher level of eHealth literacy than those who had lower SSDM and poorer capability
well-being. The regression models showed a positive relationship between eHealth literacy and both SSDM (β=.22; P<.001) and
well-being (β=.26; P<.001) after adjusting for patients’ demographic, socioeconomic status, lifestyle, and health status variables.
Conclusions: This study showed that patients with a high level of eHealth literacy are more likely to experience optimal SDM
and improved capability well-being. However, patients’ depressive status may alter the relationship between eHealth literacy and
SSDM.
(J Med Internet Res 2021;23(9):e26721) doi:10.2196/26721
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eHealth literacy; shared decision-making; well-being; eHEALS; ICECAP-A
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Introduction
Background
eHealth literacy refers to the acquisition and use of web-based
information and communication technology to make appropriate
health decisions [1]. Unlike collecting health information
through traditional methods (eg, hospital pamphlets and medical
magazines), acquiring information from the internet requires
extended skills [2-4]. For this task, people need to have
professional knowledge about specific health issues, computer
and mobile phone literacy, knowledge and skills to navigate the
internet, and the ability to analyze and digest web-based
information [5,6]. In recent decades, the rapid proliferation of
web-based information about health and health care has
significantly changed individuals’ health-seeking behaviors,
such as participating in web-based communities or purchasing
products on the internet and services to improve health and
well-being. The internet increasingly serves as a major source
of health information for individuals to understand their health
concerns, instead of seeking professional advice [2,7].
The internet provides a convenient way to approach
health-related information to the public; however, a low level
of eHealth literacy may lead, in contrast, to serious harm [8]
and health-related social inequality [9,10]. Previous studies
have shown that individuals with a low level of eHealth literacy
are more likely to report insufficient use of preventive health
services [11], negative health-related attitudes [12], unhealthy
behaviors and lifestyles [13], and poor medical adherence [14].
However, globally, the relationship between patients’ eHealth
literacy and well-being remains insufficiently explored. Nabi
et al [15] indicated that seeking information from social
networks (eg, Facebook) impacts people’s stress levels and, in
turn, influences their physical and psychological well-being.
Another systematic review found that providing breast cancer
patients with access to digital systems or technological devices
could improve their health and well-being [16]. Given the
complex and fragmented nature of the current health care
systems and the high prevalence of chronic conditions, the
internet has been increasingly identified as an essential and
valuable information source to support patient-centered care
and help patients and their families seek cost-effective health
care services [17].
Recently, shared decision-making (SDM) has been reported to
be an effective way to improve trust in patient–doctor
relationships, reduce negative emotions, and promote patients’
well-being [18,19]. eHealth literacy, as an important concept
rooted in the practice of patient-centered care, is increasingly
suggested to be used to improve SDM in clinical practice. For
example, Nejati et al [20] found that low levels of eHealth
literacy can limit patients’ trust in the health care system and
their communication patterns and are a barrier to patient
participation in the decision-making process. As the global
population becomes increasingly reliant on the internet to locate
and obtain health information and services [21,22], patients and
their caregivers struggle to possess adequate eHealth literacy
to engage in the decision-making process. The limited
availability of web-based health information restricts patients
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from participating in their health care decision-making process.
For example, Car et al [23] pointed out that poor eHealth literacy
limited patients’ ability to make decisions in medicine
management. Netjati et al [20] also showed that lower levels of
eHealth literacy are associated with poorer SDM among patients
with multiple myeloma. However, in China, there is no evidence
regarding the relationship between eHealth literacy and medical
decision-making.
As reported, there are more than 980 million internet users in
China, accounting for more than 20% of the users worldwide
[24]. In 2018, the State Council of China, jointly with the
National Health Commission, released a series of decrees to
encourage integration of traditional industries with internet
technologies to improve the quality and efficiency of health
care services [25]. A new nationwide web-based service system
will be developed to provide patients with a novel way to
approach quality health care information and facilitate their
active engagement in clinical decision-making. This could help
health care providers not only in understanding patients’
preferences, needs, and satisfaction but also in clarifying their
health care situations, treatment options, and likely outcomes
[26]. Thus, an individual’s level of eHealth literacy is the key
to searching and using internet-based health care services to
improve their health outcomes and well-being [27]. In 2020,
the COVID-19 pandemic further proved that innovative eHealth
approaches are vital for delivering health services and supporting
patients to prevent contracting COVID-19 and increase their
willingness to get vaccinated [28,29]. However, in China, there
is a dearth of information regarding patients’ level of eHealth
literacy and whether eHealth literacy could improve their
satisfaction with SDM (SSDM) and well-being in clinical
practice. Without adequate information about these associations,
there is a risk that internet-based interventions may lead to some
negative outcomes, such as producing a digital divide,
solidifying current health disparities, and perpetuating inequities,
all of which could result in poor health outcomes and well-being
[21].

Objectives
This study aims to (1) assess the relationship between patients’
eHealth literacy and their socioeconomic status (SES) and (2)
investigate the association between patients’ eHealth literacy
and their SSDM and well-being.

Methods
Study Design and Data Collection
The data used in this study were obtained from a multicenter
cross-sectional survey that investigated patients’ attitudes toward
patient-centered care (PCC) in Guangdong province, China,
from November 2019 to January 2020. Patients were recruited
from the inpatient departments of 8 hospitals from 5 cities
(Guangzhou, Shenzhen, Zhanjiang, Meizhou, and Shaoguan).
All patients from the target hospitals were invited to participate
in the survey during the survey period. The inclusion criteria
were as follows: (1) being aged ≥18 years, (2) being able to
read and speak Chinese, (3) having no cognitive impairment,
and (4) being able to provide informed consent. With the
assistance of ward nurses, all eligible patients were invited to
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participate in the survey. The patients who agreed to participate
in the survey and provided written informed consent were asked
to complete a structured questionnaire that included questions
about their demographic characteristics, SES, health conditions,
well-being, use of health services, lifestyle, and attitudes toward
PCC. A convenience sample of 569 patients (569/800, 71.1%
response rate) successfully completed the questionnaire and
provided valid responses. The study protocol and informed
consent were approved by the institutional review board of the
Second Affiliated Hospital of Guangzhou Medical University
(reference ID: 2019-ks-28).

(Respect),” (4) “Did doctors fully discuss your concerns with
you when making decisions (Discussion),” and (5) “Did doctors
fully understand your preferences and needs when making
decisions (preference)?” Each item was rated on a 5-point scale
ranging from “strongly disagree” to “strongly agree.” The
instrument showed good content, construct (Multimedia
Appendix 1), convergent validity (Multimedia Appendix 2),
and high internal consistency reliability (Cronbach α=.93). The
overall score of the SSDM was calculated by adding up the
scores of each item, which were then converted to a range of 0
to 100 based on minimum-maximum normalization.

Measures

Depressive Disorder

eHealth Literacy

The Patient Health Questionnaire-2 was used to assess whether
patients experienced depressed mood over the past 2 weeks. An
individual with a score of 3 or above (range: 0-6) was recognized
as someone with a depressive disorder [38].

The eHealth Literacy Scale (eHEALS) was used to measure
consumers’ combined knowledge, comfort, and perceived skills
at finding, evaluating, and applying eHealth information to
manage health problems [30]. It was developed based on a
framework that comprised six dimensions to understand and
use eHealth information [31]. The eHEALS has eight items that
are rated on a 5-point Likert scale (including “strongly disagree,”
“disagree,” “neutral,” “agree,” and “strongly agree”). The sum
score ranges from 8 to 40, where a higher score indicates greater
perceived eHealth literacy. To compare it with the results of
other measures, in this study, the eHEALS sum score was
converted to an overall score between 0 and 100 based on
minimum-maximum normalization. A simplified Chinese
eHEALS was used in this study [32].

Well-being
The Investigating Choice Experiments Capability Measure for
Adults (ICECAP-A) is a generic and preference-based
instrument that evaluates an individual’s capability well-being
[33]. Each dimension of the ICECAP-A comprises 1 item with
4 response options that range from “not capable” to “fully
capable,” to measure the different aspects related to capability
well-being. The results of the ICECAP-A can convert to a
summarized utility score that ranges from 0 to 1 to support the
economic evaluation of social care interventions [34]. In this
study, the ICECAP-A sum score was calculated using the
scoring formula provided by the University of Birmingham. To
facilitate comparability with the other measures, in this study,
we converted the original ICECAP-A utility score to a range
between 0 and 100. The Chinese version of the ICECAP-A was
used [35].

Patient SSDM
Patient SSDM was assessed using a self-administered
questionnaire. It was developed based on our previous patient
engagement framework [36] and index [37], findings from
literature review, focus group interviews (including patients,
doctors, nurses, and policy makers), and expert discussion. It
assessed patient satisfaction with decision-making, along with
doctors in clinical practice. The SSDM comprises 5 items to
measure different dimensions of satisfaction with the SDM.
They are (1) “Did doctors provide several selections for you
when making decisions (selection),” (2) “Did doctors carefully
listen to your health problems when making decisions (Listen),”
(3) “Did doctors respect your willingness when making choices
https://www.jmir.org/2021/9/e26721
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Statistical Analysis
Patients’ background characteristics (section 1: demographics;
section 2: SES; section 3: lifestyle; and section 4: health status)
were presented with the mean and SD of the eHEALS, SSDM,
and ICECAP-A sum scores. The Kruskal-Wallis one-way
analysis of variance (multiple groups) and Wilcoxon signed-rank
test (2 groups) were used to compare the differences in the
eHEALS, SSDM, and ICECAP-A sum scores of patients with
different background characteristics. The Wilcoxon signed-rank
test was also used to assess the relationship between level of
eHealth literacy and SSDM and well-being. Patients’ level of
eHealth literacy was recategorized into high (≥30) and low (<30)
on the basis of the median of the original eHEALS sum score.
In addition, patients’ depressive status was considered in the
analysis of the relationship between 3 measures. Three ordinary
least square multivariate regression models were developed to
assess the relationships between measures adjusted by patients’
background characteristics. In the first model, the dependent
variable was eHealth literacy, and the independent variables
were SSDM, well-being, and patients’ background
characteristics. In the second model, SSDM was the dependent
variable, and the independent variables were eHealth literacy
and patients’ background characteristics. In the third model, the
dependent variable was capability well-being, and the
independent variables were eHealth literacy and patients’
background characteristics. The objective of the first model was
to assess the relationship between patients’ eHealth literacy and
their socioeconomic determinants, whereas the other two models
assessed how patients’ eHealth literacy can predict the changes
in their SSDM and well-being, after adjusting for background
characteristics. The Bland-Altman (B-A) plot was used to assess
the agreement between three measures. The mean scores of the
eHEALS, SSDM, and ICECAP-A were plotted on the x-axis,
and the differences between them was plotted on the y-axis.
The observations clustered evenly around a horizontal line
representing y=0, reflecting good agreement between the
measures [39]. R software (R Foundation for Statistical
Computing) was used to perform all statistical analyses. The
level of statistical significance was set at P≤.05.
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Results
Participants’ Characteristics and the Results of
Measures
Table 1 shows that more than half of the patients were male
(288/569, 50.6%), and approximately 18.6% (106/569) and
19.2% (109/569) were aged <30 years and >60 years,
respectively. Nearly 51.1% (291/569) of the patients indicated
living with at least one kind of chronic condition, and 27.9%
(159/569) reported having a depressive disorder. Patients who
were male (eHEALSmale=68.5 vs eHEALSfemale=64.3), were
highly educated (eHEALStertiary=69.6 vs eHEALSno or
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primary=62.9),

were childless (eHEALSno child=72.7 vs
eHEALSwith child=59.4), fully employed (eHEALSfully
employed=68.5 vs eHEALSnonemployed=61.7), were without chronic
conditions (eHEALSno chronic conditions=68.5 vs eHEALSwith chronic
conditions=64.4), and indicated no depressive disorder (eHEALSno
depression=67.6 vs eHEALSwith depression=63.3) reported a higher
level of eHealth literacy. Younger patients (SSDM≥61 years=88.6
vs SSDM16-30 years=84.2) tended to show higher SSDM. Patients,
who resided in rural areas (ICECAP-Arural=79.3 vs
ICECAP-Aurban=75.7) and were well paid (ICECAP-A≥Chinese
¥6401 (US $960.15)=81.9 vs ICECAP-A≤Chinese ¥1800 (US $270)=73.5)
were highly likely to report better capability well-being.
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Table 1. Patients’ characteristics and scores of the eHEALSa, SSDMb, and ICECAP-Ac.
Patients, n (%)

Overall

569 (100)

eHEALS
P value

Value, mean (SD)

P value

Value, mean (SD)

P value

66.4 (21.2)

—e

85.7 (17.0)

—

77.5 (15.8)

—

.02

.55

.14

Female

281 (49.4)

64.3 (21.4)

85.3 (17.5)

79.8 (16.2)

Male

288 (50.6)

68.5 (21)

86.1 (16.6)

83.6 (15.3)

Age (years)

.003

.03

.85

16-30

106 (18.6)

71.7 (19.9)

84.2 (18.8)

77.9 (15)

31-40

132 (23.2)

69.6 (18.2)

84.1 (16.3)

78.1 (15.7)

41-50

116 (20.4)

66.0 (19.4)

84.4 (17.5)

78.4 (15.3)

51-60

106 (18.6)

63.7 (22.4)

87.5 (18.3)

76.8 (15.4)

≥61

109 (19.2)

60.5 (24.7)

88.6 (13.9)

76.3 (17.6)

Education

.01

.40

<.001

No or primary

90 (15.8)

62.9 (25.2)

87.8 (15)

70.9 (19.7)

Secondary

215 (37.8)

64.0 (22.1)

84.8 (18.4)

75.6 (16.1)

Tertiary or above

264 (46.4)

69.6 (18.5)

85.7 (16.5)

81.3 (12.9)

Marital status

.03

.70

.92

Single

95 (16.7)

72.5 (17.9)

84.5 (17.5)

78.7 (13.6)

Married

446 (78.4)

65.1 (21.8)

85.8 (17)

77.3 (15.9)

Divorced, widow, or
widower

28 (4.9)

67.1 (19.9)

87.0 (16.3)

75.8 (20.3)

Family registry

.86

.35

.03

Rural

279 (49.1)

66.5 (20.3)

86.5 (16.3)

79.3 (14.1)

urban

290 (50.9)

66.3 (22.2)

84.8 (17.7)

75.7 (17.2)

Number of children

.02

.52

.05

0

104 (18.3)

72.7 (17.8)

84 (18.5)

78.9 (14.3)

1

170 (29.9)

66.4 (21.3)

86.7 (15)

79.5 (15.3)

2

202 (35.5)

66.5 (20.4)

85.4 (16.4)

75.7 (16.3)

≥3

93 (16.3)

59.4 (24.3)

86.4 (20.0)

76.1 (16.7)

Caregiver

.42

.31

.48

No

414 (72.8)

65.8 (21.7)

85.4 (17.1)

77.1 (16.2)

Yes

155 (27.2)

68 (20.0)

86.4 (16.9)

78.5 (14.7)

Living status

.86

.41

.98

Live with family or
others

512 (89.9)

66.4 (21.4)

85.6 (16.9)

77.4 (16)

Live alone

57 (10.1)

66.6 (20.4)

86.2 (18.6)

78.3 (13.8)

Employment status

.005

.11

.29

Employed

394 (69.2)

68.5 (20.2)

85.1 (17.1)

78.1 (15.1)

Nonemployed

175 (30.8)

61.7 (22.8)

87.1 (16.9)

76.1 (17.3)

Disposable income per month (Chinese ¥ [US $])

.55

.62

<.001

≤1800 (270)

155 (27.2)

64.7 (22.6)

84.9 (18.4)

73.5 (18.1)

1801-3800 (270.15570)

146 (25.7)

65.5 (22.9)

87.4 (15.4)

76.6 (15.8)
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Patients, n (%)

eHEALS
Value, mean (SD)

P valued

ICECAP-A

Value, mean (SD)

P value

Value, mean (SD)

127 (22.3)

68.7 (18.2)

85.5 (16.3)

78.6 (14.0)

≥6401 (960.15)

141 (24.8)

67.3 (20.3)

84.9 (17.7)

81.9 (13.4)

.97

.98

30 (5.3)

68.3 (18.9)

87.3 (14.9)

81.1 (11.7)

UEBMIg

258 (45.3)

67 (20.3)

85.3 (17.2)

78.3 (14.3)

URBMIh

132 (23.2)

65.6 (21.8)

85.8 (18.4)

75.8 (18.7)

NRCMSi

131 (23)

65.7 (22.9)

85.7 (16.4)

76.9 (16.0)

No

18 (3.2)

67.2 (23.4)

87.7 (12.5)

77.2 (16.6)

.79

.03

.03

Normal

242 (42.5)

66.5 (21.9)

83.7 (18.4)

75.7 (17.1)

Abnormal

327 (57.5)

66.3 (20.8)

87.1 (15.8)

78.9 (14.6)

Smoking

.04

.17

.71

No

408 (71.7)

70.2 (21.0)

84.9 (17.3)

77.7 (15.5)

Sometimes

83 (14.5)

69 (21.2)

85.6 (12.0)

76.9 (18.3)

Everyday

78 (13.8)

65.2 (21.9)

89.7 (19.4)

76.9 (14.3)

Healthy diet per week

.20

.49

.23

Few

87 (15.3)

65.4 (21.1)

84.8 (20.2)

74.4 (18.0)

Sometimes

310 (54.5)

66.4 (20.8)

85.1 (16.9)

77.8 (15.0)

Everyday

172 (30.2)

70.2 (21.9)

87.2 (15.5)

78.6 (15.1)

Exercise per week

.009

.28

.004

Never

151 (26.5)

63.2 (23.7)

84.3 (17.8)

73.2 (19.0)

Sometimes

321 (56.4)

68.8 (20.2)

86.1 (16.3)

78.6 (14.0)

Always

97 (17.1)

63.5 (19.6)

86.5 (18.2)

80.7 (14.6)

Chronic condition

.008

.56

.003

No

278 (48.9)

68.5 (20.9)

85 (17.6)

79.3 (15.5)

Yes

291 (51.1)

64.4 (21.4)

86.3 (16.4)

75.7 (15.9)

Depressive disorder

.04

.07

<.001

No

410 (72.1)

67.6 (20.9)

86.3 (16.8)

80.6 (13.8)

Yes

159 (27.9)

63.3 (21.9)

84 (17.5)

69.4 (17.7)

Self-reported health condition

.50

.11

.08

Severe threat to life

113 (19.9)

66.6 (22.1)

88 (16.3)

73.9 (17.3)

Moderate threat to life

113 (19.9)

64 (22.1)

83.6 (18.4)

77.7 (15.4)

Mild threat to life

136 (23.9)

65.6 (19.4)

85.6 (15.5)

78.1 (14.2)

https://www.jmir.org/2021/9/e26721

P value

.93

FHSf

BMIj

RenderX

SSDM

3801-6400 (570.15960)

Health insurance

XSL• FO

Xu et al

J Med Internet Res 2021 | vol. 23 | iss. 9 | e26721 | p.1216
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
Patients, n (%)

eHEALS
Value, mean (SD)

No threat to life
a

207 (36.3)

Xu et al
SSDM
P valued

68.2 (21.4)

ICECAP-A

Value, mean (SD)

P value

85.6 (17.5)

Value, mean (SD)

P value

78.9 (16.0)

eHEALS: eHealth Literacy Scale.

b

SSDM: satisfaction with shared decision-making.

c

ICECAP-A: Investigating Choice Experiments Capability Measure for Adults.

d

P value was calculated based on a Kruskal-Wallis one-way analysis of variance (multiple groups) and Wilcoxon signed-rank test (2 groups).

e

Not available.

f

FHS: free health care scheme.

g

UEBMI: urban employee basic medical insurance.

h

URBMI: urban resident basic medical insurance.

i

NRCMS: new rural cooperative medical care system.

j

BMI: normal: 18.5≤BMI<23; abnormal: BMI<18.5 or BMI≥23.

Relationship Among eHealth Literacy, SSDM, and
Well-being
Table 2 presents the outcomes of SSDM and well-being in
patients with different levels of eHealth literacy. Patients with

a higher level of eHealth literacy reported higher SSDM and
better well-being than those with a lower level of eHealth
literacy. For patients with depressive disorder, the difference
in SSDM in patients with different levels of eHealth literacy
was statistically nonsignificant.

Table 2. Satisfaction with SDMa and well-being in different groups of eHealth literacy and stratified by patients’ depressive disorder and chronic
condition status.
Satisfaction with SDM

Well-being

High eHealth literacy, mean (SD)

88.7 (14.7)

81.1 (14.7)

Low eHealth literacy, mean (SD)

82.4 (18.7)

73.7 (16.1)

P valueb

<.001

<.001

High eHealth literacy, mean (SD)

86.2(16.2)

73.3(18)

Low eHealth literacy, mean (SD)

82.2 (18.4)

66.1 (16.8)

P value

.10

.004

High eHealth literacy, mean (SD)

89.5 (14.2)

83.6 (12.4)

Low eHealth literacy, mean (SD)

82.5 (18.9)

77.1 (14.6)

P value

<.001

<.001

High eHealth literacy, mean (SD)

88.4 (14.7)

82.6 (14.4)

Low eHealth literacy, mean (SD)

80.5 (20.1)

75 (15.8)

P value

<.001

<.001

High eHealth literacy, mean (SD)

89 (14.8)

79.1 (14.8)

Low eHealth literacy, mean (SD)

83.9 (17.5)

72.7 (16.4)

P value

<.001

<.001

Overall

With depressive disorder

Without depressive disorder

With chronic conditions

Without chronic conditions

a

SDM: shared decision-making.

b

P value was calculated based on Wilcoxon signed-rank test.
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Results of the Regression Analysis
The results of multivariate regression models showed that there
was a significant and positive relationship between eHealth
literacy and SSDM and well-being after adjusting for patients’
background characteristics (Table 3). Model 1 demonstrated
that patients who were living alone (β=−6.82; P=.03) and

https://www.jmir.org/2021/9/e26721
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nonemployed (β=−4.55; P=.02) showed a lower level of eHealth
literacy. Models 2 and 3 showed that, after adjustment, eHealth
literacy was a statistically significant factor predicting the
change in SSDM (β=.17; P<.001) and well-being (β=.15;
P<.001), respectively. There was a positive relationship between
patients’ well-being and their educational level, income, and
depressive status.
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Table 3. Regression analysis of eHealth literacy and satisfaction with shared decision-making (SSDM) and well-beinga.
Variables

β (95% CI)
Model 1 (DVb=eHEALSc) P value

Model 2 (DV=SSDM)

P value

Model 3 (DV=ICECAP-Ad) P value

eHealth literacy

—e

—

.17 (0.11 to 0.24)

<.001

.15 (0.09 to 0.21)

<.001

Satisfaction in SDM

.22 (0.12 to 0.32)

<.001

—

—

—

—

Well-being

.26 (0.14 to 0.38)

<.001

—

—

—

—

Sex (male)

2.99 (−1.11 to 7.1)

.15

−1.58 (−5.03 to 1.87)

.37

.29 (−2.67 to 3.25)

.85

31-40

−2.05 (−8.87 to 4.78)

.56

.68 (−5.03 to 6.4)

.81

2.58 (−2.32 to 7.49)

.30

41-50

−4.96 (−12.24 to 2.33)

.18

.58 (−5.52 to 6.67)

.85

4.98 (−0.25 to 10.22)

.06

51-60

−6.37 (−14.15 to 1.41)

.11

4.46 (−2.05 to 10.97)

.18

5.2 (−0.39 to 10.79)

.07

≥61

−7.91 (−16.35 to 0.53)

.07

5.97 (−1.09 to 13.03)

.1

5.88 (−0.18 to 11.94)

.06

Secondary

−2.78 (−8.35 to 2.78)

.33

−2.67 (−7.31 to 1.97)

.26

4.51 (0.53 to 8.49)

.03

Tertiary or above

−.7 (−7.23 to 5.83)

.83

−.91 (−6.33 to 4.5)

.74

8.34 (3.7 to 12.99)

.004

Married

−2.63 (−12.44 to 7.17)

.60

−2.26 (−10.48 to 5.97)

.59

−.35 (−7.41 to 6.71)

.92

Divorced, widow, or widower

3.57 (−8.77 to 15.91)

.57

−4.92 (−15.26 to 5.42)

.35

.94 (−7.94 to 9.81)

.84

−1.8 (−6.18 to 2.59)

.42

−.3 (−3.98 to 3.38)

.87

−.07 (−3.23 to 3.09)

.97

1

−2.84 (−13.15 to 7.47)

.59

4.02 (−4.62 to 12.66)

.36

.01 (−7.41 to 7.43)

.99

2

−1.06 (−11.56 to 9.43)

.84

2.77 (−6.03 to 11.56)

.54

−2.25 (−9.79 to 5.3)

.56

≥3

−6.89 (−18.22 to 4.43)

.23

2.87 (−6.63 to 12.38)

.55

1.29 (−6.87 to 9.45)

.76

Caregiver (yes)

.1 (−3.8 to 4.16)

.93

1.33 (−2 to 4.67)

.43

−.04 (−2.9 to 2.82)

.98

Live alone

−6.82 (−13.28 to −0.36)

.04

2.91 (−2.52 to 8.34)

.29

1.35 (−3.31 to 6.02)

.57

Nonemployed

−4.55 (−9.02 to −0.08)

.04

1.43 (−2.33 to 5.19)

.45

.35 (−2.88 to 3.57)

.83

1801-3800 (270.15-570)

−1.34 (−6.23 to 3.54)

.59

2.05 (−2.04 to 6.15)

.32

1.94 (−1.58 to 5.45)

.28

3801-6400 (570.15-960)

−1.32 (−6.9 to 4.25)

.64

1.13 (−3.54 to 5.8)

.63

2.43 (−1.58 to 6.44)

.23

≥6401 (960.15)

−4.74 (−10.69 to 1.21)

.12

.47 (−4.51 to 5.45)

.85

4.84 (0.56 to 9.11)

.03

−3.03 (−10.82 to 4.76)

.45

−2.17 (−8.7 to 4.35)

.51

−2.48 (−8.08 to 3.13)

.39

Urban resident basic medi- −2.21 (−10.47 to 6.06)
cal insurance

.60

−1.53 (−8.47 to 5.4)

.66

−2.07 (−8.02 to 3.88)

.50

New rural cooperative
medical care system

−2.12 (−10.91 to 6.67)

.64

−1.91 (−9.28 to 5.46)

.61

−.02 (−6.35 to 6.31)

.99

No

−4.95 (−17.27 to 7.38)

.43

.66 (−9.68 to 11)

.90

2.05 (−6.82 to 10.93)

.65

−2.29 (−5.78 to 1.19)

.20

3.17 (0.26 to 6.08)

.03

2.38 (−0.12 to 4.87)

.06

Sometimes

2.56 (−2.83 to 7.96)

.35

6.04 (1.54 to 10.54)

.01

.01 (−3.85 to 3.87)

.99

Everyday

2.84 (−2.8 to 8.48)

.32

2.13 (−2.6 to 6.86)

.38

−1.49 (−5.55 to 2.57)

.47

−6.28 (−11.19 to −1.38)

.01

.79 (−3.35 to 4.92)

.71

2.37 (−1.18 to 5.91)

.19

Age (years)

Education

Marital status

Urban resident
Children

Income (Chinese ¥ [US $])

Insurance
Urban employee basic
medical insurance

BMI (abnormal)
Smoking status

Healthy diet
Sometimes
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β (95% CI)
Model 1 (DVb=eHEALSc) P value

Model 2 (DV=SSDM)

P value

Model 3 (DV=ICECAP-Ad) P value

−2.45 (−7.92 to 3.01)

.38

2.15 (−2.42 to 6.73)

.36

2.61 (−1.31 to 6.54)

.19

Sometimes

4.13 (0.02 to 8.24)

.04

1.43 (−2.01 to 4.87)

.41

3.7 (0.74 to 6.65)

.01

Always

−1.94 (−7.36 to 3.47)

.48

1.89 (−2.63 to 6.4)

.41

4.9 (1.03 to 8.77)

.01

Chronic condition (yes)

.07 (−3.6 to 3.75)

.97

1.12 (−1.95 to 4.19)

.47

−2.5 (−5.14 to 0.13)

.06

Depressive disorder (yes)

−1.6 (−5.62 to 2.42)

.43

−1.94 (−5.2 to 1.32)

.24

−8.55 (−11.35 to −5.75)

<.001

Moderate threat to life

−2.84 (−8.24 to 2.55)

.30

−3.41 (−7.92 to 1.1)

.14

2.71 (−1.16 to 6.58)

.17

Mild threat to life

−2.62 (−7.93 to 2.69)

.33

−1.76 (−6.21 to 2.69)

.44

.64 (−3.18 to 4.47)

.74

No threat to life

−.62 (−5.66 to 4.42)

.81

−1.34 (−5.57 to 2.89)

.53

.1 (−3.53 to 3.73)

.96

Everyday
Exercise

a

Reference: female, 16-30 years, no or primary education, single, rural resident, no child, no caregiver, live with family or others, income ≤ Chinese
¥1800 (US $270), free health care scheme insurance, normal BMI, no smoking, few healthy diets, no exercise, no chronic conditions, no depressive
disorder, and severe threat to life.
b

DV: dependent variable.

c

eHEALS: eHealth Literacy Scale.

d

ICECAP-A: Investigating Choice Experiments Capability Measure for Adults.

e

Not available.

Agreement Between Measures
Although the B-A plot shows a wide limit of agreement interval
between the three measures, systematic differences were
detected. A good agreement was observed in patients who

reported a high level of eHealth literacy, SSDM, and well-being;
however, patients who reported a low level of eHealth literacy,
SSDM, and well-being were more likely to show less consistent
results across the measures, indicating low agreement (Figure
1).

Figure 1. Agreement between scores of the eHEALS, satisfaction with SDM, and ICECAP-A. eHEALS: eHealth Literacy Scale; ICECAP-A: Investigating
Choice Experiments Capability Measure for Adults; SDM: shared decision-making.
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Discussion
Principal Findings
This study extended the findings of previous studies by
demonstrating a statistically significant association between
eHealth literacy and SSDM and capability well-being in a
sample of Chinese patients. However, when patients reported
a low level of eHealth literacy, its association with SSDM and
well-being turned to weak and inconsistent. Our findings
suggested that providing training to improve patients’ eHealth
literacy may be a useful way to strengthen their ability to search
and use web-based health and health care information to improve
their activity in clinical decision-making and well-being.
However, although the internet carries a vast range of
information resources and services to help people manage their
health, we noticed that disparities in using the internet are
persistent in people with low SES (unemployed status and
unhealthy lifestyle) and, therefore, affect their potential to
maintain and improve eHealth literacy and limit their ability to
navigate the health care system. In addition, there seemed to be
a negative relationship between patients’ mental health status
and their use of internet-based knowledge and skills to improve
SSDM. However, further research is needed to support this
finding, as it has not been studied extensively.

Comparisons With Previous Studies
Our results firstly exhibited that there is a positive relationship
between eHealth literacy and Chinese patients’ SSDM, which
is in line with the findings of previous studies. For example, an
Iranian study indicated that eHealth literacy is positively
associated with SDM and patient communication patterns in
patients with multiple myeloma [20]. Another German study
noted that the regular use of eHealth services facilitated the
decision-making process for patients with cancer and their
families [40]. Other studies have reported that the internet and
web-based courses are fundamental in improving patients’
communication skills with medical personnel [3,41], reducing
their overall medical expenses [42], and increasing their
confidence and knowledge to be involved in decision-making
[43]. In addition, we found that patients who reported being
very satisfied with SDM (satisfied with all five dimensions of
the SSDM) obtained a similar mean score on the eHEALS
(Multimedia Appendix 3). This indicated that improving eHealth
literacy might be a multifaceted strategy to promote all the
existential dimensions of the SDM [44] and, in turn, positively
associated with patients’ physical, psychological, social, and
spiritual well-being [45]. Considering that the internet is
increasingly serving as a major source of health information for
both medical professionals and patients, improving eHealth
literacy could be a cost-effective way to transfer the current
paternalistic pattern of medical services to a more patient-centric
model [2]. Moreover, doctors’ attitude toward SDM was
identified as another important factor that supported SDM in
improving patients’ well-being in clinical practice [46], which
should be considered for future studies.
Studies examining the relationship between patients’ well-being
and eHealth-related interventions have recently been explored.
For example, Villani et al [47] indicated that eHealth
https://www.jmir.org/2021/9/e26721
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interventions can significantly reduce emotional suppression
of patients with cancer and increase their cancer-related
emotional well-being. Pagliari [48] and Patel et al [49] found
that the proliferation of personal health information technology
has enhanced people’s ability to manage their own health care,
communicate with providers through social networks, meet
their informational needs, search patient educational resources,
and make preferred health decisions. However, research
examining the role of eHealth literacy in using these techniques
to improve patients’ well-being is in its infancy. This study
found that patients who reported a high level of eHealth literacy
were more likely to show full capability well-being than those
who reported a low level of eHealth literacy. This supports the
notion that patients with high levels of eHealth literacy are
confident and capable of handling internet-based tools to
improve their health and well-being [21,22,50]. Further, unlike
studies that used nonpreference-based instruments to measure
well-being, in this study, the ICECAP-A, a preference-based
measure, generated outcomes that not only reflect a patient’s
current well-being status but also provide information to support
the estimation of social care–related quality of life and facilitate
a cost-effectiveness analysis of eHealth-related interventions
and policies [33]. Furthermore, the results of the B-A plot
exhibited a poor agreement between eHEALS, SSDM, and
ICECAP-A when patients reported a low score on those
measures, unlike those who reported a high score.
Methodologically, this may be because, in this study, few
patients reported having low well-being and unsatisfactory
SDM, and less than 19.8% (113/569) of the respondents reported
having poor health. Thus, we could not validate our findings in
these populations. Due to the cross-sectional design, no causal
relationships can be concluded. Therefore, further studies are
required.
The results of bivariate analysis indicated that patients with
high SES and healthy lifestyle are more likely to indicate a high
level of eHealth literacy; however, the multivariable regression
analysis showed a different picture. This is consistent with the
mixed findings of the relationship between individuals’
socioeconomic determinants and their level of eHealth literacy,
as reported in previous studies. For example, Lwin et al [51]
found that women and men did not differ in their reported
frequencies of evaluating eHealth information; however, no
older adult respondents (>55 years) were involved in their study.
Conversely, a study in China found that female respondents
showed a higher level of eHealth literacy than male respondents;
however, they used a revised version of the eHEALS, and all
the respondents were older than 45 years [52]. In addition,
Stellefson et al [53] indicated that women and older adults living
with chronic obstructive pulmonary disease showed a low level
of eHealth literacy in the United States. Wong and Cheung [54]
also indicated that older primary care service users in Hong
Kong are highly likely to report low levels of eHealth literacy.
The findings of multivariable regression analysis showed that,
when adjusted for patients’ background characteristics, there
was no significant relationship between patients’ eHealth literacy
and their educational level. This suggests that eHealth literacy
does not comprise only basic literacy but also an accumulation
of knowledge and skills to navigate the internet to use health
care services. Norman [31] noted that eHealth literacy is not
J Med Internet Res 2021 | vol. 23 | iss. 9 | e26721 | p.1221
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just a combination of the capability to use computers and
traditional health literacy but is a meta-literacy comprising
different facets of literacy. For example, an undereducated
patient with chronic conditions may show higher eHealth
literacy than highly educated patients who have recently been
diagnosed with cancer. Our findings highlight the importance
of promoting eHealth literacy.
When patients reported having depressive disorders, the
difference in SSDM between those with high and low eHealth
literacy was statistically insignificant. This is not inconsistent
with previous findings in those patients with good skills in
searching, assessing, and correctly using web-based health care
information may lead to decreased levels of
hospitalization-related mental disorders and improve their
long-term quality of life and well-being [55-57]. However, no
study has directly investigated the relationship between eHealth
literacy and SDM considering the potential effect of patients’
mental health status. Neter and Brainin [11] confirmed that there
is insufficient evidence on the association between eHealth
literacy and emotional states of anxiety and depression. A
US-based study indicated that social media could benefit patients
with chronic obstructive pulmonary disease by helping them
cope with mental health issues such as anxiety and depression
[53]. Another study found that African Americans who
researched depression, anxiety, and stress on the internet showed
a significantly higher mean score of the eHEALS than those
who did not [58]. Interventions focused on internet-related
health literacy, such as mental eHealth literacy, require further
investigation. Furthermore, in this study, depressive status was
assessed using the Patient Health Questionnaire-2, the sensitivity
of which has been disputed by some previous studies [59,60].
Other mental disorders, such as anxiety and stress, should be
evaluated in future studies.

Limitations

Xu et al
be concluded. Second, all the respondents were recruited from
inpatient departments in hospitals; the issue of a single
information source may affect the validity of our findings. In
addition, compared with the data from the 2019 Guangdong
census, our respondents were slightly older and comprised a
higher proportion of rural residents (Multimedia Appendix 4).
This implies that there was some degree of selection bias, which
may affect the generalizability of our findings. Third, we did
not assess the associations between eHealth literacy, well-being,
and SDM stratified by patient disease groups, which might also
affect the generalizability of our findings. Fourth, the
ICECAP-A score was not estimated based on the preference
weight of the Chinese population, which is currently unavailable.
This may have affected the validity of our findings. Fifth, all
the information was self-reported by the patients, which may
have generated recall bias. Finally, the information of patients
who refused to participate in the survey was not recorded, which
might have led to a degree of information bias.

Conclusions
According to the findings of this study, patients with a high
level of eHealth literacy were more likely to experience an
optimal SDM and improved capability well-being. This suggests
that the implementation of interventions to strengthen patients’
eHealth literacy could improve their optimal use of health care
services and the efficiency of the health and social care system.
In addition, univariable analysis demonstrated that patients with
low SES showed insufficient eHealth literacy, which may affect
their ability to buffer against the negative impacts of an adverse
event on their health. It is important for policy makers to
understand the facilitators and barriers to improve patients’
eHealth literacy and to develop strategies to enhance their health
behaviors and health outcomes. Moreover, the effects of
patients’ mental health status on the relationship between
eHealth literacy and SSDM require further investigation.

It is important to address the limitations of this study. First, this
was a cross-sectional study; thus, no causal relationships could
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Abstract
Background: Measuring weight bearing is an essential aspect of clinical care for lower limb injuries such as sprains or
meniscopathy surgeries. This care often involves the use of forearm crutches for partial loads progressing to full loads. Therefore,
feasible methods of load monitoring for daily clinical use are needed.
Objective: The main objective of this study was to design an innovative multifunctional desktop load-measuring software that
complements GCH System 2.0–instrumented forearm crutches and monitors the applied loads, displaying real-time graphical
and numerical information, and enabling the correction of inaccuracies through feedback technology during assisted gait. The
secondary objective was to perform a preliminary implementation trial.
Methods: The software was designed for indoor use (clinics/laboratories). This software translates the crutch sensor signal in
millivolts into force units, records and analyzes data (10-80 Hz), and provides real-time effective curves of the loads exerted on
crutches. It covers numerous types of extrinsic feedback, including visual, acoustic (verbal/beeps), concurrent, terminal, and
descriptive feedback, and includes a clinical and research use database. An observational descriptive pilot study was performed
with 10 healthy subjects experienced in bilateral assisted gait. The Wilcoxon matched-pairs signed-rank test was used to evaluate
the load accuracy evolution of each subject (ie, changes in the loads exerted on crutches for each support) among various walks,
which was interpreted at the 95% confidence level.
Results: GCH Control Software was developed as a multifunctional desktop tool complementing GCH System 2.0–instrumented
forearm crutches. The pilot implementation of the feedback mechanism observed 96/100 load errors at baseline (walk 0, no
feedback) with 7/10 subjects exhibiting crutch overloading. Errors ranged from 61.09% to 203.98%, demonstrating heterogeneity.
The double-bar feedback found 54/100 errors in walk 1, 28/100 in walk 2, and 14/100 in walk 3. The first walk with double-bar
feedback (walk 1) began with errors similar to the baseline walk, generally followed by attempts at correction. The Wilcoxon
matched-pairs signed-rank test used to evaluate each subject’s progress showed that all participants steadily improved the accuracy
of the loads applied to the crutches. In particular, Subject 9 required extra feedback with two single-bar walks to focus on the
total load. The participants also corrected the load balance between crutches and fluency errors. Three subjects made one error
of load balance and one subject made six fluctuation errors during the three double-bar walks. The latter subject performed
additional feedback with two balance-bar walks to focus on the load balance.
Conclusions: GCH Control Software proved to be useful for monitoring the loads exerted on forearm crutches, providing a
variety of feedback for correcting load accuracy, load balance between crutches, and fluency. The findings of the complementary
https://www.jmir.org/2021/9/e27602
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implementation were satisfactory, although clinical trials with larger samples are needed to assess the efficacy of the different
feedback mechanisms and to select the best alternatives in each case.
(J Med Internet Res 2021;23(9):e27602) doi:10.2196/27602
KEYWORDS
control and monitoring software; feedback technology; motor control; gait; crutches; assisted gait for partial weight-bearing;
functional recovery of the gait; unloading of lower limb musculoskeletal injury; rehabilitation; physical therapy; lower limb;
injury; injuries; feedback technology; crutches

Introduction

for adapting and optimizing each intervention based on the
user’s needs.

Gait is a basic motor function of humans [1-3]; thus, many
health (eg, physiotherapy, orthopedics, biomechanics) and
engineering (eg, computing, mechanics, robotics) professionals,
among others, have pooled their efforts to analyze and assess
gait for recovery or optimization purposes.

Technological advances have prompted the development of new
retraining walking techniques based on feedback provided by
monitored instrumentation systems and associated software, as
confirmed in various studies [14,15,26,27]. In general, these
instruments capture real-time information on the gait
[2,4,6,13,15-18,20,21,27], allowing the clinician to decide
whether the user should receive concurrent feedback or whether
it is more convenient to delay the information and verbally
provide terminal feedback.

New feedback-based technologies are especially useful in the
field of rehabilitation [4] to reeducate an altered function or
teach a new one, such as in the functional recovery of walking
[5,6]. These aspects are fundamental objectives of physiotherapy
[7,8], which enable subjects to voluntarily control and modify
certain body functions or biological processes if they are given
new information about these functions and processes. This is
the basic principle underlying feedback mechanisms [7,9,10].
This paper focuses on extrinsic feedback, which is provided by
external sources [11,12]. The wide range of well-known
feedback technologies include visual [5,13-15], acoustic [16-18],
and haptic [11,16,19] technologies, which are usually adapted
to each individual user in a coherent manner [20]. Other
classifications and types of feedback depend on when the
information is applied, what type of data it offers, or what
objective it pursues, among other factors. Some confusing terms
in the literature are clarified below.
First, when feedback is given, it can be concurrent (ie,
simultaneously provided during the intervention) or terminal
(ie, retarded or postresponse feedback, provided when the action
is finished). Concurrent feedback can be continuous or
intermittent. Terminal feedback can be immediate [21], delayed,
or even summary (provided after several repetitions of the
movements or actions) [22].
Second, according to the type of information received, the
feedback can be classified as knowledge of performance (KP)
[23], which offers performance features (eg, if the subject keeps
looking ahead while walking) and knowledge of results (KR)
[24,25], which involves judgment of a correct or wrong action,
or calculation of scores using rating scales. Feedback can also
be descriptive or prescriptive, providing information about how
to correct the errors [22]. For example, a physical therapist may
describe a gait error by saying that patients are looking at their
feet, or will try to correct the error by explaining that they should
look at a fixed point ahead of them because the ground is smooth
and they do not need to look down.
The extraordinary diversity of available feedback and the
creativity in how it is applied have increased the opportunities
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Functional recovery of walking and assisted gait are generally
related to different areas of health, including neurology [28,29],
gerontology [30-32], and rheumatology [33]; however, one
context in which the need to control and optimize the loads
applied to the forearm crutches is most clearly evident involves
patients with a lower limb musculoskeletal injury [34], who
have to relearn how to automate the walking gesture correctly
[35]. Traumatological physiotherapy therefore very often
involves using forearm crutches to partially unload the injured
lower limb, progressing to full weight-bearing. Examples of
such applications include sprained knees [36] or ankles [37],
surgery for knee meniscopathies [38], and hip arthroplasties
[21]. Consequently, the load exerted on the body part in question
is an essential assisted gait parameter [39], and therefore this
load must be objectified and controlled to optimize it in line
with the pathology, recovery process phase, and user's
characteristics. Another factor is the current tendency to strongly
recommend that the affected lower limb support as much weight
as possible without damaging the injury. Underloading could
lead to circulatory and muscle tone deficits, resulting in a
decrease in osteoblastic action and increase in osteoclastic
action, as well as inhibition of the joint and muscle plantar
proprioceptive receptors that would imply a functional deficit.
In contrast, overloading could lead to compressions or undue
stress of structures even without regeneration or in the recovery
process [6].
Load-measuring tools are required to both determine the ideal
load in each case, which entails specific action protocols based
on scientific evidence, and to objectively and progressively
increase the loads [4]. At present, there are some instruments
available that measure loads, such as insoles [4] or force
platforms [2,15]; however, these tools do not allow for
monitoring the loads exerted on the forearm crutches in every
type of support, the balance between them (in bilateral-assisted
gait), the simultaneity of their supports, or even their rhythm,
among other relevant factors. These drawbacks are overcome
by the use of instrumented forearm crutches such as the GCH
J Med Internet Res 2021 | vol. 23 | iss. 9 | e27602 | p.1228
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System [6] that can monitor the loads applied to them so that
the loads applied to the structure in question are reduced.
However, these tools must be used together with a program that
allows users and/or health professionals, in clinical or laboratory
conditions, to obtain as much information as possible about the
assisted gait performance. To the best of our knowledge, there
is no scientific evidence related to the control software of
instrumented forearm crutches and its implemented feedback
mechanisms. As a result, the main objective of this study was
to design an innovative multifunctional desktop load-measuring
software that complements the GCH System 2.0–instrumented
forearm crutches and monitors the loads applied to them,
displaying real-time graphical and numerical information, as
well as the correction of inaccuracies through feedback
technology during assisted gait. The secondary objective was
to perform a preliminary implementation study of the newly
developed software.

Chamorro-Moriana et al

GCH Control Software 1.0
Design
GCH Control Software is an instrumentation program that has
to be used on a PC; therefore, it was designed for use during
patient care in the clinic or in a laboratory for research purposes.
GCH Control Software was programmed in C# in a Windows
operating environment, and another program is needed as a
server (GCH Server). Several GCH Control Software sessions
can run simultaneously on the same server so that several
patients can use the instrumented crutches at the same time.
Other specific programs such as Framework 4.0 by Microsoft’s
SqLite libraries for Windows and the Codejock graphical
software libraries may have to be installed.

GCH System 2.0

The software was developed by the first author (GC) and is
registered in the Andalusia Regional Intellectual Property
Registry under file number SE-690-15 and registration number
201599901533465. The source code is not available. Note that
the Spanish language is used in all messages as the software
was designed for use with Spanish patients.

GCH Control Software implements GCH System to measure
the loads applied to forearm crutches. Its application is
particularly suitable in physiotherapy and traumatology, fields
that frequently work on the functional recovery of gait for
patients with lower limb musculoskeletal injury [40,41]. The
rehabilitation process starts with total or partial unloading of
the injured limb, followed by a gradual increase in loads aided
by crutches until achieving complete functional recovery [42].

The software translates the crutch sensor signal in millivolts
into units of force (kilogram-force, which is a nonstandard unit
but commonly used in our clinical context), records and analyzes
the data, and provides a real-time on-screen numerical and
graphical display of the loads exerted by the subject on one
crutch if the assisted gait is unilateral or on two crutches if it is
bilateral. The program records data up to 80 Hz, providing
effective curves of weight-bearing at each crutch support.

The instrumented crutches must first be described to understand
how the software works. GCH System involves the coupling
of a miniature force sensor inside the distal area of the crutch,
and the measures are wirelessly transmitted. Each crutch
contains an ultralow-power microcontroller with an input voltage
of 2.4 V direct current and battery/autonomy of 6000 mAh (8
hours). The outgoing signal is detected by a USB receiver
connected to a computer (“fixed system”) using a virtual
communication port, or by a receptor built into a watch, mobile
phone, pendant, or other portable device. In the latter case,
patients have autonomy to practice aided gait outdoors with the
usual obstacles encountered in daily life, such as steps and
slopes, without any professional supervision. The technical
specifications of GCH System 2.0 are reported elsewhere [6].
Each of these fixed and portable systems requires an independent
implementation program with different features to allow each
patient to achieve their specific therapeutic goals. The fixed
system is described below in line with the main objective of the
study.

Figure 1 shows the general interface of the program, displaying
data about patients, pathologies, crutch loads recommended by
the physiotherapist, permitted plus or minus tolerance margins
of error in the maximum loads of each crutch step and in the
load balance between crutches, and a notepad. The line graphs
display the independent loads of each crutch, unified load of
both crutches, and overlapping of the three previous loads. Bar
graphs display the following loads: independent loads for each
crutch (double bar), with the option to view the unified load
(single bar), and a horizontal bar that represents the load balance
between both crutches (balance bar). All of these data are
displayed numerically, with a correct and wrong crutch step
count (according to the load accuracy).

Methods
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A detailed step-by-step description and operation of the software
is provided after identifying the crutches to be used in the GCH
Server.
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Figure 1. Program interface screenshot. From top to bottom: the left column shows user’s data, clinical test data, and observations; the middle shows
line graphs of right crutch load, left crutch load, right and left crutch overlapping graphs, and the sum of both loads; and the right column shows double
bar (right and left crutch vertical bars), balance bar, and correct and wrong crutch step counter (according to the load accuracy).

Data Logging Database
The database includes user registration information such as the
patient’s affiliation data and clinically relevant personal
background. Each crutch is identified as “right” or “left,” and
the gait is classified as unilateral or bilateral. Preoperative
clinical and technical data (Figure 2) are required for an
autonumber test, such as the subject’s current weight (because
body weight percentages will be used), the frequency at which
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the data will be collected (20, 40, or 80 Hz), the current
pathology, and a possible test identification label.
The next step is to record the ideal load to be exerted on the
crutch, as recommended by the physiotherapist (ie, the load
reduction applied to the injured limb, in percentage body weight
or kilograms, which changes automatically); the permitted
margins of error for overloading or underloading; and the
permitted tolerance in the load balance between the two
crutches, only in the case of bilateral assisted walking.
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Figure 2. Left-hand column of the general interface shown in Figure 1, including (from top to bottom): autonumber test, date, patient’s name, current
weight, crutch identification, data frequency, lesion, test label, test parameters (ideal load requested, tolerance for load accuracy errors, tolerance for
imbalance between both crutches), and notepad.

Graphical and Numerical Data Provided by the Software
The program uses several graphics to display the user’s walking
performance in real time: line graphs (see Figure 1, middle
column) and bar graphs (see Figure 1, right column).
Line graphs are only for use by the professional, in which the
right crutch load, the left crutch load, and their sum are shown
in different colors. There are three possible versions of line
graphs: “L+R” (left + right), which shows the crutches
separately; “L and R” (left and right), where a graphic overlay
of the crutches is added to display both of them simultaneously;
and “ALL,” which displays the superimposed graph of the two
crutches plus the total load graph.

see these graphs displayed on an extendable screen by a
projector. In this case, there are three main display options. The
first is a double-bar display, which involves two vertical bars
(one for each crutch), showing the different loads. This method
is useful for monitoring the load amount and how it is distributed
during bilateral walking to ensure it is balanced and
simultaneous, without fluctuations. This version offers the most
complete information. The second option is a single bar that
adds up the total loads exerted by both crutches. In this case,
patients focus their attention on the total load, provided that
they do not have any load asymmetry problems between
crutches. The information is interchangeable with the double-bar
feedback display. The third display option is the balance bar.
With this horizontal bar, the user’s attention focuses on

Both the researcher and clinician can view bar graphs on the
computer (see Figure 1, right column, upper), and the user can
https://www.jmir.org/2021/9/e27602
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balancing loads between both crutches; therefore, this display
is not used in unilateral assisted gait.
All of the line and bar graphics have three horizontal lines (see
Figure 1): the middle green line shows the ideal load, and the
red lines above and below indicate the permitted plus or minus
tolerance margin (numerical data already included in the
software).

Chamorro-Moriana et al
The program interface displays other interesting data such as
the number of correct and wrong crutch steps in each test, along
with the respective load of each crutch (see Multimedia
Appendix 1).
Each test is recorded and automatically dated in the database,
making it possible to access, display, and analyze graphs and
numerical data regarding load accuracy, mistakes made, patient
progression, and other factors, thereby enabling comparisons
and statistical analyses (Figures 3 and 4).

Figure 3. Screenshot of an example database with load results (Hz), displaying crutch identifiers, left crutch load, right crutch load, total load, time
(ms), and time stamp. In this case, the right crutch starts the load earlier than the left crutch. The maximum peak of strength of the left crutch is greater
than that of the right, but both coincide in time. Finally, the support time of the crutches is higher than 1 second.
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Figure 4. Screenshot of an example database showing maximum loads for each crutch support and feedback results, displaying crutch identifiers,
maximum left crutch load, maximum right crutch load, total load, crutch support number, correct crutch supports, wrong crutch supports, time (ms),
and time stamp. Note that this information enables easy assessment of loading errors, as well as of the homogeneity and symmetry between the maximum
loads on the crutches.

Feedback Mechanism
GCH Control Software gives professionals numerical and
graphic information about the loads exerted on the crutches, the
precision and homogeneity of these loads, and the simultaneity
or balance between crutches. All of these data can be used to
assess the subjects’ assisted gait and give them oral feedback
for correcting their mistakes. The software also includes a useful
and feasible feedback mechanism that tells patients directly
about their performance and warns them if they make mistakes
while walking, which they can then self-correct. For design of
the software, the most frequent and efficient feedback methods
described in the literature were identified (ie, immediate visual
feedback followed by terminal and immediate acoustic feedback
[43]), and the most appropriate approaches were selected and
implemented in the system’s user interface.
We implemented a simple beep as auditory feedback. A
high-pitched beep is used when the subject overloads the
affected limb, and the most annoying sound is used in this case
owing to the clinical risk involved. The beep length must be
short enough (ie, 0.3 seconds) to start just after the stand phase
(crutch support and foot) ends and before the crutches and the
foot next touch the ground. Different alternatives such as line
charts, gauge charts, and bar charts were tested. Among them,
vertical bar charts were found to be easier to interpret, especially
https://www.jmir.org/2021/9/e27602
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if there are two bars (one for each crutch), which also makes it
possible to compare the load amount and simultaneity between
the two crutches.
The bar graphs mentioned above are preferably displayed to
patients on an extendable screen (Figure 5), using a projector
that is large enough to show straight line paths at least 16 meters
long (see Clinical Implementation section). The bar graphs are
applied one at a time, as each graph is designed to focus the
user’s attention on the parameter that the physiotherapist
considers to be the most necessary. Thus, priority is given to
correcting the most serious mistakes first and the least significant
mistakes last, until the assisted gait is improved, enabling the
subject’s functional recovery.
Similar to the graphics that professionals see on the computer,
all of the bars feature a green line to show the ideal load
recommended by the physiotherapist and two red lines to
indicate the minimum required or maximum allowed load
(Figure 5). In the first two double-bar and single-bar versions,
the bar content turns red when it is outside the tolerated load
range or turns green if it is in the correct range. The error beep
is therefore only heard when the red color appears to
complement the visual feedback.
If a balance bar is displayed, as long as the right and left crutch
load balance is maintained, the bar content stays green in the
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middle or slightly shifts to the side bearing the most weight
(Figure 5), but without exceeding the red lines that show the
error tolerance margins. If the margins are exceeded, the bar

Chamorro-Moriana et al
content turns red and the subject hears a beep. It does not make
any sense to use this screen if the assisted gait is one-sided (ie,
with only one crutch).

Figure 5. Screenshots of the three possible extendable screens projected in front of patients to show them visual feedback of the loads exerted on the
forearm crutches during bilateral assisted walking. From left to right: double bar (one for each crutch), single bar (sum of both crutches), and balance
bar (balance between the two crutches). The bars are green in this case because the loads are within the tolerated margins of error. The balance bar
shows that the subject is applying more force to the right crutch than to the left crutch, but within the permitted margin of error.

Clinical Implementation
Study Design
Once the desktop software had been designed and developed,
and the numerical and graphic measurements had been
confirmed in a validation and reliability study [6], a pilot
observational descriptive study was performed to obtain
preliminary information on the clinical performance of the
feedback mechanism implemented by GCH Control Software.

Participants
The sample consisted of 10 participants, including 5 women
(50%) and 5 men (50%), with an age range from 21 to 55 years
(mean 37.40 years, SD 11.86) and weight range between 52.6
and 81.7 kilograms (mean 64.21 kilograms, SD 9.90), all
selected by nonprobability and convenience sampling. Details
are given in Multimedia Appendix 2. All subjects had a normal
BMI according to the US National Heart, Lung, and Blood
Institute.
Inclusion criteria were healthy subjects aged between 18 and
60 years; had previous experience in partially unloading an
affected lower limb by bilateral assisted gait with forearm
crutches; scoring 3-4 in each of the Chamorro Assisted Gait
Scale (CHAGS) items [1] (10 items, 0-4 points each); with
normal gait, and asymptomatic when walking at a free cadence;
and passing a simple static equilibrium test, consisting of
keeping one’s balance on each foot for 30 seconds without
moving the body [44].
Exclusion criteria were suffering from an evident disorder of
overall coordination and physical skill that could alter the aided
gait with crutches, or suffering from visual or acoustic disorders
that would prevent the individual from receiving biofeedback
during the intervention.
This research protocol was approved by the Ethics Committee
of Virgen Macarena University Hospital (Seville, Spain). All
subjects provided written informed consent before participating
in the experimental study.
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Measurements and Data Collection
Measurements were taken with GCH System 2.0 [6], and
numerical and graphic data were monitored by GCH Control
Software. The maximum vertical ground reaction force on the
crutches was measured immediately after each support (ie, after
each stride). The monitored data were immediately logged in
the software database for subsequent use. The pilot
implementation was carried out under laboratory conditions.
The subjects walked at a free cadence, taking steps as frequently
as they considered most comfortable, along 15.5 linear meters
(for a minimum of 10 strides or 20 steps) on an even ground
and facing a projector that displayed the image projected on the
outward journey (Figure 6). They were asked to walk bilaterally
with forearm crutches in two stages [1] to partially unload their
previously injured lower limb. In other words, the lower limb
to be unloaded is supported by the crutch (if unilateral) or by
both crutches (if bilateral) at the same time. Thus, the vertical
ground reaction force is applied simultaneously to the sole of
the foot and to the crutches so that the subject’s body weight is
distributed evenly (Figure 7).
When the subjects leaned on the injured lower limb, 50% of the
body weight had to be unloaded. In other words, 50% of the
ground’s vertical reaction force was applied to the crutches. A
±10% load tolerance margin was permitted (±5% of the ideal
load). The crutch balance tolerance margin was 5%. For
example, the two crutches should ideally bear a weight of 50
kilograms for a patient weighing 100 kilograms, but a 47.5-52.5
kilogram distribution would be considered correct. This is easy
to observe in the single-bar graph (which unifies the loads). In
the double-bar graph, each crutch should ideally bear 25
kilograms and a 23.75-26.25 kilogram distribution would be
considered correct. Furthermore, a difference of more than 2.5
kilograms between the load of one crutch and the other is not
allowed in the balance bar.
Participants were allowed to practice for 2 minutes and were
reminded of the homogeneous nature of the maximum loads.
Since they had mastered this type of walking, no more time was
needed to confirm their automation and check that they met the
correct CHAGS scale rating [1] (as described above for the
inclusion criteria).
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Figure 6. User walking toward the screen with double-bar feedback. The aided gait is bilateral (two forearm crutches) with a two-stage partial load
(simultaneous heel and crutches support).

Figure 7. Bilateral aided gait with a partial load in two-stages, with simultaneous heel and crutches support.

Users received visual and beep-based acoustic feedback at the
same time. The physiotherapist gave no verbal feedback. The
10 participants were assessed to see if they applied the correct
or wrong maximum loads requested by the physiotherapist (ie,
ideal load) to the forearm crutches during bilateral assisted
walking. Each participant took a minimum of four walks. They
began each walk with both feet on the same line and then took
their first step with the foot to be unloaded together with both
crutches simultaneously. Participants performed the first walk
(walk 0) without any feedback to obtain capacity baseline data,
and then walked three more times with the double-bar feedback
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(Figure 5). That is, they were warned both visually and
acoustically if they applied the wrong load to the crutches
immediately at the end of each crutch support. The two
independent bars also showed them when the loads applied to
both crutches were simultaneous and balanced. Since this can
provide too much feedback in some cases, extra walks with
other simpler types of feedback (eg, three walks with a single
bar or three walks with a balance bar) were applied in line with
participants’ needs (up to a maximum of 10 walks). The
physiotherapist decided who had to continue based on
observational assessment and computer screen feedback to
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evaluate the tests. The system recorded 10 strides for each walk,
or 10 crutch weight-bearing per stride or unloaded step. In other
words, for 10 participants×10 loads (crutches)×a
minimum/maximum of 4 of 10 walks, there were at least 400
measurements and a maximum of 1000 measurements available
for analysis.

Statistical Analysis
The descriptive analysis included the means and percentages
of maximum loads applied to the crutches at each support. The
Wilcoxon matched-pairs signed-rank test was used to evaluate
the load accuracy evolution. The analysis provided the P value
to evaluate each subject’s progress, comparing each of their
walks. The practice walks of different subjects were not
compared with each other. A confidence level of 95% was
considered, and the experimental P value was evaluated at a
significance level of 5%. The data obtained were organized and
analyzed with IBM SPSS statistical software (version 22.0).
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Results
Table 1 describes the crutch loads of the first 4 walks (1 without
feedback, 2-4 with feedback). Loads are displayed as a
percentage of the ideal load requested (50% of each subject’s
body weight), with the optimum load subsequently set to 100%.
The ideal load permissible tolerance was ±10% (ie, ±5%, or a
load of 95% to 105%). See Multimedia Appendix 3 for a more
general visual presentation of these data.
A total of 96/100 errors were observed in the first walk (walk
0, no feedback), most of which involved crutch overloading by
7/10 subjects (subjects 1, 2, 3, 4, 5, 7, and 9). Errors ranged
from 61.09% (subject 8) to 203.98% (subject 1). The loads of
subjects 2, 6, and 9 were particularly nonhomogeneous.
The first walk with double-bar feedback (walk 1) began with
errors similar to the no-feedback walk errors, generally followed
by attempts at correction. Therefore, progress toward the ideal
load and fluctuations above and below the optimal load were
observed until the optimal load was achieved and maintained
as much as possible in the successive walks.
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Table 1. Percentage of the loads applied on the crutches during the first 4 walks, with an optimum load of 100% and permitted error range of 95%-105%.
Feedback
with crutch
supports

Subject 1

Subject 2

Subject 3

Subject 4

Subject 5

Subject 6

Subject 7

Subject 8

Subject 9

Subject 10

Walk 0: Computer feedbacka
1

201.08-Ob

133.98-O

146.39-O

121.07-O

107.98-O

90.41-Uc

149.87-O

70.70-U

143.20-O

81.67-U

2

198.19-O

130.93-O

144.68-O

125.52-O

109.89-O

86.64-U

153.81-O

72.87-U

157.48-O

78.40-U

3

199.28-O

137.59-O

143.45-O

126.71-O

109.13-O

88.70-U

153.28-O

72.56-U

169.39-O

77.31-U

4

202.17-O

108.46-O

142.47-O

123.44-O

106.84-O

91.44-U

153.28-O

68.53-U

167.01-O

81.31-U

5

203.98-O

121.78-O

143.70-O

122.55-O

107.60-O

92.81-U

147.77-O

71.01-U

148.64-O

82.76-U

6

201.45-O

120.39-O

145.41-O

126.11-O

103.04d

95.21

154.59-O

66.36-U

158.16-O

78.40-U

7

198.55-O

122.05-O

145.17-O

123.74-O

104.56

94.52-U

150.66-O

67.91-U

166.67-O

79.49-U

8

201.81-O

131.21-O

143.70-O

122.55-O

109.89-O

86.99-U

147.51-O

62.33-U

171.43-O

76.23-U

9

203.25-O

128.99-O

142.23-O

126.41-O

104.94

87.67-U

155.12-O

61.09-U

172.11-O

81.31-U

10

195.66-O

110.68-O

145.90-O

120.18-O

107.22-O

82.53-U

148.03-O

80.62-U

164.97-O

86.03-U

Walk 1 (double bar): Screen feedback

e

1

150.09-O

144.80-O

158.14-O

123.44-O

117.11-O

83.22-U

162.47-O

66.98-U

148.30-O

78.40-U

2

138.88-O

154.79-O

154.47-O

122.26-O

112.93-O

88.70-U

144.88-O

88.06-U

191.84-O

91.83-U

3

118.63-O

128.16-O

80.29-U

97.63

96.20

91.78-U

122.57-O

109.77-O

143.20-O

101.27

4

101.99

134.26-O

131.95-O

108.01-O

98.48

96.23

109.71-O

102.02

94.90-U

102.00

5

109.95-O

82.39-U

124.11-O

72.11-U

97.72

94.52-U

101.05

104.19

72.45-U

101.63

6

92.22-U

85.71-U

85.92-U

76.85-U

97.34

97.95

100.52

102.95

87.76-U

99.46

7

98.01

93.20-U

95.96

82.79-U

100.38

100.00

100.79

100.47

104.42

101.27

8

103.44

97.36

99.14

93.77-U

99.24

90.75-U

97.38

107.60-O

153.74-O

95.83

9

99.46

101.25

104.53

96.44

98.86

94.52-U

102.10

106.05-O

104.08

94.74-U

10

98.73

110.40-O

99.39

96.14

98.10

97.95

101.57

100.47

120.41-O

100.91

Walk 2 (double bar): screen feedbacke
1

129.48-O

117.61-O

106.49-O

84.87-U

100.00

106.85-O

109.45-O

110.70-O

142.18-O

103.09

2

111.75-O

106.52-O

104.53

93.47-U

101.90

103.77

106.56-O

88.99-U

131.29-O

104.17

3

100.18

97.64

99.39

108.90-O

100.38

101.37

102.89

91.78-U

96.60

107.80-O

4

95.84

100.69

99.88

105.64-O

101.90

100.68

104.46

93.64-U

87.07-U

102.00

5

101.99

107.91-O

95.96

108.90-O

103.04

108.56-O

103.94

97.98

97.62

101.27

6

103.80

102.08

99.14

102.67

100.38

103.42

99.21

111.01-O

119.05-O

103.81

7

101.63

97.36

96.45

98.22

99.24

102.40

100.00

103.88

116.33-O

99.46

8

100.90

98.75

95.23

83.98-U

98.48

101.71

101.31

101.71

104.42

98.37

9

101.27

100.14

92.78-U

99.70

100.00

103.08

102.10

99.53

100.68

100.54

10

100.54

101.80

98.16

102.97

101.52

101.71

99.74

97.67

109.86-O

103.45

Walk 3 (double bar): screen feedbacke
1

99.82

107.35-O

97.43

91.69-U

98.48

101.37

99.21

109.15-O

144.90-O

99.09

2

91.86-U

104.85

97.43

96.74

100.00

103.42

98.69

104.81

130.61-O

97.28

3

98.01

102.91

99.39

99.11

98.86

105.14-O

100.79

101.09

97.28

99.82

4

102.35

104.02

101.10

102.67

98.10

99.66

102.10

100.47

86.05-U

103.81

5

104.52

103.19

102.57

101.19

98.48

99.32

98.16

102.64

101.36

102.72
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Feedback
with crutch
supports

Subject 1

Subject 2

Subject 3

Subject 4

Subject 5

Subject 6

Subject 7

Subject 8

Subject 9

Subject 10

6

105.24-O

102.36

97.43

99.41

100.76

97.95

103.15

101.71

96.60

98.00

7

102.71

104.30

99.39

98.52

103.04

98.63

104.20

99.53

100.68

97.28

8

103.44

105.41-O

97.18

103.26

100.38

101.71

102.62

103.88

111.22-O

98.37

9

103.44

107.91-O

99.63

100.59

98.86

100.00

101.31

101.09

115.31-O

100.18

10

100.18

105.13-O

99.39

101.48

98.10

104.79

102.89

99.22

103.74

103.45

Only for physiotherapist/researcher.

b

O: overloaded.

c

U: underloaded.

d

Correctly applied loads are in italics.

e

For patients.

Figure 8 presents the number of errors in the loads applied on
the crutches in the first 4 walks, distinguishing between
underload errors, overload errors, and the total for each subject
and walk. The numerical data are shown in Multimedia
Appendix 4.
Table 2 and Figure 9 show the mean percentage loads exerted
on the crutches in each walk. The optimal load is considered to
be 100%, and the error tolerance range (10%) was between 95%
and 105%. The mean error table (Table 2) would be meaningless
without Table 1 and Figure 8. For example, if a subject makes
extreme overload and underload errors, the mean might seem
to be within the tolerated range and therefore correct, but it is
not. However, if all errors are overload or underload errors, or

the loads are homogeneous, the clinical interpretation of the
results in Table 2 would be different.
The Wilcoxon matched-pairs signed-rank test, which was used
to evaluate each subject’s progress, showed significant
differences in the reduction of overload errors when comparing
the baseline values to each of their feedback walks: walk 0 vs
walk 1 (P=.02), walk 0 vs walk 2 (P=.03), walk 0 vs walk
(P=.02). However, there were no significant differences in the
values of the underload errors. The practice walks of different
subjects were not compared with each other. A confidence level
of 95% was considered, and the experimental P value was
evaluated at a significance level of 5%. The table with all P
values is provided in Multimedia Appendix 5.

Figure 8. Graphical representation of the number of errors in the weight supported by the crutches on each walk and per subject.
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Table 2. Mean percentage (range) loads applied on the crutches during the first 4 walks, with an optimal load of 100% and a permitted error range of
95%-105%.

a

Subject

Walk 0

Walk 1

Walk 2

Walk 3

1

200.54 (195.66-203.98)-Ua

111.14 (92.22-150.09)-U

104.74 (95.84-129.48)b

101.16 (91.86-105.24)

2

124.61 (108.46-137.59)-U

113.23 (82.39-154.79)-U

103.05 (97.36-117.61)

104.74 (102.36-107.91)

3

144.31 (142.23-146.39)-U

113.39 (80.29-158.14)-U

98.80 (92.78-106.49)

99.09 (97.18-102.57)

4

123.83 (120.18-126.71)-Oc

96.94 (72.11-123.44)

98.93 (83.98-108.90)

99.47 (91.69-103.26)

5

107.11 (103.04-109.89)-O

101.64 (96.20-117.11)

100.68 (98.48-103.04)

99.51 (98.10-103.04)

6

89.69 (82.53-95.21)-O

93.56 (83.22-100.00)-O

103.35 (100.68-108.56)

101.20 (97.95-105.14)

7

151.39 (147.51-155.12)-U

114.30 (97.38-162.47)-U

102.97 (99.21-109.45)

101.31 (98.16-104.20)

8

62.14 (61.09-72.87)-O

98.86 (66.98-109.77)

99.69 (88.99-111.01)

102.36 (99.22-109.15)

9

161.91 (143.20-172.11)-U

122.11 (72.45-191.84)-U

110.51 (87.07-142.18)-U

108.78 (86.05-144.90)-U

10

80.29 (76.23-86.03)-O

96.73 (78.40-102.00)

102.40 (98.37-107.80)

100.00 (97.28-103.81)

U: underload mean error.

b

Correctly applied mean loads are in italics.

c

O: overload mean error.

Figure 9. Line graph representing the mean percentage loads (y-axis) for each subject (different colors) in the 4 walks (x-axis).

The results regarding the right and left crutch load imbalance
errors made during the three double-bar walks were as follows:
0 errors for subjects 1, 3, 5, 6, 7, and 10; 1 error for subjects 4
(walk 1), 8 (walk 2), and 9 (walk 1); and 6 fluctuation errors
for subject 2 (3 errors in walk 1, 2 errors in walk 2, and 1 error
in walk 3).
Subjects 2 and 9 performed extra walks with other types of
feedback, namely balance bar and single bar. The research
physiotherapist made this decision after noting that these
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subjects were finding it difficult to achieve their objectives and
needed to focus attention on a specific aspect.
Subject 9 performed 2 more walks with the single-bar feedback
to focus on the total load, and progressed from 8, 5, and 5 errors
in the three double-bar walks (Figure 8 and Multimedia
Appendix 4), respectively, to 3 (first single-bar walk) and 1
(second single-bar walk) errors, thereby completing the test.
Subject 2 performed 2 more walks with the balance-bar feedback
to focus on the left and right crutch load balance, and progressed
from 3, 2, and 1 imbalances with load fluctuations in the three
J Med Internet Res 2021 | vol. 23 | iss. 9 | e27602 | p.1239
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double-bar walks, respectively, to 2 imbalances with fluctuations
(first balance-bar walk) and 0 without fluctuations (second
balance-bar walk), thereby completing the test.

foot,” “step rhythm” (all steps have to be carried out in the same
time), and “fluency” (assisted gait is performed automatically,
decisively, and without hesitation).

Discussion

The consequence drawn by the authors is that mutually
complementary and objective technological and observational
measurement tools need to be applied [55]. Similarly, despite
a major goal of technology system-based clinical interventions
to offer patients autonomy, they must also rely on the human
eye, hands, intuition, and professional decisions [20]. In the
specific case of the GCH Control Software feedback mechanism,
the physiotherapist’s presence is shown to optimize the
technology features.

Principal Results
The innovative multifunctional desktop program GCH Control
Software 1.0 monitors crutch loads, which can be controlled by
real-time graphic and numerical displays during assisted gait
practice. The software contains a versatile feedback mechanism
correcting any wrongly applied loads, ensuring greater clinical
accuracy. The integrated database can be used not only to
objectively evaluate the progress in loads of the subjects but
also to comparatively analyze the system’s efficiency and draw
up clinical action protocols. Moreover, we performed a pilot
implementation trial to assess the functionality of the feedback
mechanism.
The application environment is basically associated with
orthopedics and traumatology [6,38,41,45], and particularly to
temporary processes of functional gait recovery of patients with
lower limb injuries or surgeries [45] such as ligamentoplasty
of the anterior cruciate ligament of the knee [36], a knee or hip
prosthesis [21], or a knee osteotomy [40]. In all of these cases,
treatment of the lesion starts with no load on the injured limb,
which is followed as recovery progresses by partial loads that
gradually increase up to a total body weight load. The GCH
System is also useful in the fields of gerontology [31,32],
neurology [46], pediatrics [46,47], or rheumatology [33], as
mentioned earlier. If the applications are extended to these fields
where the lesions tend to be chronic, orthotic devices must also
be maintained over time [48], increasing the opportunities of
using the method. New research prospects providing innovative
clinical action protocols for users with disabilities or even
normal age deterioration are therefore possible.
This study, like many other research projects [4,15,23,43,49-51],
advocates technology and information technology effectiveness
in functional recovery processes in general, and specifically in
gait. However, effectiveness does not only refer to the
intervention itself, in this case based on technological feedback,
but also extends to the (global or analytical) initial, continuous,
and final assessments of each essential gait parameter [52].
GCH Control Software evaluates the maximum force applied
to the crutches in each support and therefore indirectly the
unloading of the affected lower limb, which is one of the
essential parameters [1,39] in assisted gait with two-stage partial
unloading. This peak clinical moment matches the midstance
phase of the affected limb (ie, where the limb remains upright
and with single stance or without the help of the other limb in
the air; midswing phase of the contralateral limb) [53,54].
Unloading relies exclusively on the crutches. The software also
monitors if the assistive devices touch the ground at the same
time and if their loads are balanced and increase progressively
without fluctuations. These data are related to other essential
parameters of two-stage gait with forearm crutches, as shown
by the CHAGS [1] scale of observational aided gait assessment.
Three of its ten load-independent items are directly related to
this information: “simultaneous support of both crutches and
https://www.jmir.org/2021/9/e27602
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Versatile Feedback
GCH Control Software can be adapted very easily to each
patient’s specific characteristics, regardless of their main disease,
such as their level of coordination skills [56], previous
experience [56] in handling forearm crutches, age, and visual
or acoustic disorders. This is because the software provides a
wide range of extrinsic feedback, ensuring individualized
interventions for achieving specific or general therapeutic goals
when recovering gait functions. This feedback can be provided
to the clinical professional, the user, or both at the same time,
although the clinical professional, usually a physiotherapist,
receives more detailed and extensive information than the user
who is performing a dual task [57], and should only be given
very specific feedback in small amounts for the intervention to
be effective.
As for the feedback modalities considered (ie, acoustic, visual,
and acoustic-visual), patients receive two kinds of acoustic
feedback: computer-based verbal feedback from the
physiotherapist and the beeps generated by the software. The
advantage of the verbal feedback [49] is that the physiotherapist
can decide what information to give in line with the patient’s
needs. This is particularly useful if the subject has poor
coordination skills, as noted in the dual tasks [49]. Subjects can
be given only information about their results (KR feedback) or
also about their performance (KP feedback), and can receive
information that only describes a mistake (descriptive feedback)
or that suggests the strategy for correcting it (prescriptive
feedback). The clinician can also choose between giving the
information while the patient is walking (concurrent feedback)
or afterward (terminal feedback), and among immediate terminal
feedback, delayed terminal feedback, or summary terminal
feedback (after several walks). The beeps are immediate terminal
feedback, because subjects receive the signal immediately when
they begin to take a step using support for the affected limb
with crutches. The acoustic signal tells subjects if they have
reached the correct maximum load at the end of each support,
which is why it is given immediately. However, during free
cadence walking [58], steps are taken very quickly, and the
period of time between the maximum load and end of the
support is too imperceptible so that the signal can be considered
a real-time signal, and thus it can be interpreted clinically as
concurrent feedback. This is particularly true if the gait is
regarded as a cyclical process [59] and each crutch support or
step is not assessed independently.
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With regard to visual information, the main advantage is its
continuity (continuous concurrent feedback) by showing how
the loads applied on the crutches steadily increase and decrease
in double-bar, single-bar, and balance-bar feedback. Moreover,
the double-bar and single-bar feedback show if each crutch
support is correct or incorrect (immediate terminal feedback).
The software’s multiple independent biofeedback options can
be extended by using various combinations of these options.
Numerous studies have assessed the effectiveness of various
types of feedback [26,27,49,60,61] and their combinations. A
recent systematic review [43] of technology-based feedback
and its efficacy in improving gait parameters concluded that
immediate visual feedback was the most widely used, followed
by terminal and immediate acoustic feedback.

GCH Pilot Implementation
In line with several previous studies [11,23,27,51], the results
obtained in this study suggest that feedback mechanism–based
interventions are satisfactory. The pilot experiment showed that
subjects applied significantly more accurate loads on the forearm
crutches after only a few minutes, or even a few seconds in
some cases. These preliminary data should be confirmed in
subsequent longer studies with larger samples. Nevertheless,
these findings suggest that interventions are more effective, and
even more efficient, owing to the feedback immediacy. Although
the participant inclusion criteria were favorable to achieve
positive results (ie, all participants had to have experience in
two-stage bilateral assisted walking with partial unloading, and
their technical gesture had to be acceptable based on a score of
3-4 points for each CHAGS item [1]), only one participant
(Subject 5) had previous experience of load measurements, and
with the same software.
The crutch load measurements without feedback (ie, walk 0)
showed that all subjects made significant overload and underload
mistakes (even with twice the requested load). Most of the
subjects (7/10) overloaded the crutches, thereby unloading their
body weight more than necessary, with associated clinical
disadvantages. For example, in older patients with osteoporosis
[32,42], unnecessary unloading is not appropriate because it
inhibits osteoblastic action and increases osteoclastic action.
Even if there is no underlying disease, the tendency is always
to use the largest possible weight-bearing load [42], without
damaging the injury, to stimulate circulation and muscle tone,
and therefore optimize the patient’s overall functional recovery.
This is why frequent two-stage assisted walking without the
injured lower limb touching the ground (foot in the air) is not
recommended, unless necessary. The negative clinical
consequences of underloading the crutches can be even more
severe with certain injuries or types of surgery such as
noncemented knee or hip prostheses, osteotomy [40,41], or
autologous chondrocyte implantation [62]. In such cases,
overloading the injured area can lead to further surgery, longer
functional recovery times, or other side effects or sequelae,
among other drawbacks [42]. Several subjects (3/10), despite
being coordinated and having used crutches previously, made
these mistakes constantly without feedback. The case of Subject
10 was particularly interesting, whose technical gesture with
homogeneous loads were perfect, and remained well below the
https://www.jmir.org/2021/9/e27602
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requested load on the crutches without feedback. This is a clear
example of the usefulness of GCH Control Software, even with
skilled and experienced patients.
In the three double-bar feedback walks, maximum crutch load
accuracy errors decreased in all participants from the first to
the third walk. At the start of the tests, and especially the first
test, participants made more mistakes and differences between
the requested and applied force were larger. Shortly afterward,
the visual and acoustic information provided by the software
helped them to adjust the loads. The biggest errors were made
during the first walk; however, 3 subjects did not make any
mistake in the third walk, and another 3 subjects only made one
mistake, representing a minimum difference. One subject did
not make any mistakes in the second or third walk. However,
two of the subjects did not achieve the expected results in the
double-bar walk.
Subject 2 began with very high loads and made 8/10 mistakes
in the first walk, which decreased, but to a lesser extent than
observed for the majority of participants (ie, 3 errors made in
the second walk and 4 errors made in the third walk). During
the 3 walks, it was observed that the crutches did not always
load evenly, and the right and left bars fluctuated, even though
the final weight of each crutch met the requirements (6/30 crutch
balance errors). The physiotherapist decided to continue the
intervention and apply the third type of feedback (balance bar)
to allow the subject to focus their attention on leaning on both
crutches at the same time and ensure even crutch loads,
regardless of the total amount. As expected, the subject’s
performance improved remarkably with only one walk, after
scoring 3/4 points in the CHAGS scale item on simultaneously
using both crutches and the affected limb [1]. Therefore,
occasionally, the subject did not meet this goal. The GCH
Control Software feedback seems to not only facilitate load
monitoring and accuracy but can also detect and correct other
erroneous parameters that are equally essential in crutch-assisted
gait (eg, leaning on both crutches simultaneously as in the case
of Subject 2). This subject is a clear example that technological
assessment and feedback (GCH System linked with GCH
Control Software), combined with observational assessment
and direct feedback from the physiotherapist (CHAGS score),
can be used together and in a complementary manner, thereby
individualizing each intervention [1].
The number of errors made by Subject 9 dropped in the
double-bar feedback walks (from 7 to 5); however, there were
still numerous disparate inaccuracies, in line with the
prefeedback walk. Nevertheless, the subject maintained the
crutch load balance. After analyzing these data, the
physiotherapist asked the subject to continue the intervention
with the single-bar display, and the subject made only 3 mistakes
in the first walk and 1 mistake in the second walk. This
improvement was explained by having focused the subject’s
attention [56] on the total load without displaying independent
data from each crutch, which were not necessary in this case.
The subject also walked more times and therefore spent more
time practicing, which must also be taken into account for
interpreting this improvement [56].
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At the end of the pilot experiment, the subjects commented that
they had been surprised by the difference between how they
actually performed and how they thought they had performed.
They found the test to be easy, comfortable, and effective. Even
those who needed a few extra screens spoke positively about
GCH Control Software and GCH System in general. They also
stated that despite hearing the acoustic signals, they were
generally more aware of the visual signals.

Limitations and Prospects
This study was limited to an extent by the sample size and short
duration of the intervention. Longer prospective clinical trials
should be performed, with large samples and control groups to
ascertain the effectiveness and efficiency of the different types
of graphical biofeedback (double bar, single bar, and balance),
acoustic feedback (verbal and/or beep), or combined feedback
available with GCH Control Software. For example, acoustic
feedback using beeps and visual feedback could be applied
separately, followed by evaluation of whether (and in which
cases) acoustic feedback alone suffices in the long term. As
explained earlier, the more options there are, the easier it is to
customize or adapt the system to each patient during the
treatment, both in line with individual characteristics (eg,
coordination) and specific temporary musculoskeletal injuries
or chronic situations due to illness or age. Clinical trials are
therefore required to address different pathologies and contexts
in the various branches of medicine to develop effective clinical
action protocols.
Given the rapid progress of information technology, future
adaptations of GCH Control Software to new communication
systems will be necessary. However, these adaptations would

Chamorro-Moriana et al
be implemented at the lower levels of the software stack. The
way feedback information is presented to patients and
physiotherapists would not be affected by these adaptations.

Conclusions
This study describes GCH Control Software, the multifunctional
desktop software associated with GCH System 2.0, which
measures loads exerted on forearm crutches by patients who
need to partially unload a pathological lower limb.
The program graphically and numerically monitors loads in real
time during assisted gait interventions, and uses a versatile,
efficient feedback mechanism to correct the accuracy of wrongly
applied loads. It also shows if subjects use both crutches at the
same time in bilateral walking and how evenly they distribute
the load between them. The program features a patient and test
database that can be used to objectify applied load progress and
comparatively analyze the system’s effectiveness in different
clinical contexts, enabling drawing up clinical action protocols
based on scientific evidence.
Satisfactory findings were obtained in the complementary pilot
implementation tests of the feedback mechanism functionality.
Although an ideal sample was selected, all subjects made errors
exerting loads on the forearm crutches during bilateral gait in
the baseline test, indicating the necessity or appropriateness of
the method presented. They achieved greater accuracy with only
one brief session. Although one subject found it difficult to
balance the loads between the two crutches and fluidly apply
the loads, these issues were ultimately resolved with feedback.
However, any clinical data provided herein should be interpreted
with caution. Future research should focus on how participants’
accuracy changes over several weeks to confirm the findings.
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Multimedia Appendix 1
Crutch step count, displaying the total number of supports, number of correct supports, and number of wrong supports. Each
crutch support is also represented numerically, showing the load applied to the left, right, and both crutches, and whether or not
the support was correct.
[PNG File , 152 KB - jmir_v23i9e27602_app1.png ]
Multimedia Appendix 2
Subject demographics.
[DOCX File , 13 KB - jmir_v23i9e27602_app2.docx ]

https://www.jmir.org/2021/9/e27602

XSL• FO
RenderX

J Med Internet Res 2021 | vol. 23 | iss. 9 | e27602 | p.1242
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Chamorro-Moriana et al

Multimedia Appendix 3
Visual representation of correct (green), overloaded (pink), and underloaded (gold) loads applied on the crutches during the first
4 walks (related to Table 1).
[DOCX File , 24 KB - jmir_v23i9e27602_app3.docx ]
Multimedia Appendix 4
Number of errors in the weight supported by the crutches on each walk and per subject.
[DOCX File , 16 KB - jmir_v23i9e27602_app4.docx ]
Multimedia Appendix 5
<italic>P</italic> values from the Wilcoxon matched-pairs signed-rank test.
[DOCX File , 13 KB - jmir_v23i9e27602_app5.docx ]
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Abstract
Background: Advancing the use of genomic data with routinely collected health data holds great promise for health care and
research. Increasing the use of these data is a high priority to understand and address the causes of disease.
Objective: This study aims to provide an outline of the use of genomic data alongside routinely collected data in health research
to date. As this field prepares to move forward, it is important to take stock of the current state of play in order to highlight new
avenues for development, identify challenges, and ensure that adequate data governance models are in place for safe and socially
acceptable progress.
Methods: We conducted a literature review to draw information from past studies that have used genomic and routinely collected
data and conducted interviews with individuals who use these data for health research. We collected data on the following: the
rationale of using genomic data in conjunction with routinely collected data, types of genomic and routinely collected data used,
data sources, project approvals, governance and access models, and challenges encountered.
Results: The main purpose of using genomic and routinely collected data was to conduct genome-wide and phenome-wide
association studies. Routine data sources included electronic health records, disease and death registries, health insurance systems,
and deprivation indices. The types of genomic data included polygenic risk scores, single nucleotide polymorphisms, and measures
of genetic activity, and biobanks generally provided these data. Although the literature search showed that biobanks released data
to researchers, the case studies revealed a growing tendency for use within a data safe haven. Challenges of working with these
data revolved around data collection, data storage, technical, and data privacy issues.
Conclusions: Using genomic and routinely collected data holds great promise for progressing health research. Several challenges
are involved, particularly in terms of privacy. Overcoming these barriers will ensure that the use of these data to progress health
research can be exploited to its full potential.
(J Med Internet Res 2021;23(9):e15739) doi:10.2196/15739
KEYWORDS
genomic data; routine data; electronic health records; health data science; genome; data regulation; case study; eHealth

Introduction
Background
The progression of genomics in the last few decades has been
remarkable. Since 2001, when the Human Genome Project
mapped and sequenced virtually every gene in the human
genome, genetic sequencing technology has advanced rapidly
in both the public and private domains. Next-generation
sequencing costs have plummeted by almost 100%, and research
https://www.jmir.org/2021/9/e15739
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opportunities have grown exponentially as a result [1]. For
example, a simple search in the medical database, PubMed,
shows that research on genomics has more than quadrupled
since 2000, from around 340,000 published articles on this topic
growing to 1.5 million by 2020. This increase has translated
into quicker diagnoses, better outcomes, and more effective
health care for patients [2-4]. Great strides have been made in
cancer research, for example, where patients are now being
treated according to their own or the tumor’s genomic data [5].
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Being able to use genomic data in conjunction with routinely
collected data holds even greater potential to advance knowledge
by including factors wider in scope. Precision medicine requires
that novel correlations of genotype, phenotype, and the
environment be identified to inform new methods for
diagnosing, treating, and preventing disease in a way that is
responsive to the individual [5]. Knowledge of
gene-environment interactions can also contribute on a
population level by informing health and public health services
in areas such as service planning, population genetic testing,
disease prevention programs, and policy development [6].
Routinely collected data, electronic health records (EHRs) in
particular, already hold vast amounts of clinical and
environmental information on large numbers of people and
preclude the need for lengthy and expensive data collection.
Adding these phenotypic data to knowledge about a person’s
genome can elucidate new knowledge, such as that about
gene-environment and gene-drug interactions, and can thus
provide a richer understanding of health and disease [7].
Increasing the use of genomic data for health research is a high
government priority to understand and address the causes of
disease. The potential of integrating genomic and routine data
sets has been recognized in the United Kingdom by the Welsh
Government [8] via their Genomics for Precision Medicine
Strategy and by Genomics England [9] with the inception of
the 100,000 genome project in 2018, both of whom are
investigating ways to link genomic data and EHRs. From a more
international perspective, the former president of the United
States, Barack Obama, launched the Precision Medicine
Initiative to improve individualized care by combining genomic
data and EHRs with diet and lifestyle information from US
citizens [10]. The UK Chief Medical Officer, Dame Sally
Davies’s “genomic dream” of mainstreaming genomic medicine
into National Health Service (NHS) standard care is becoming
ever closer, which means that data from a person’s genome will
likely be directly recorded into EHRs, making this type of
research far more accessible [11].

Objective
As this field prepares to move forward, it is important to take
stock of the current state of play in order to highlight new
avenues for development, identify challenges, and ensure that
adequate data governance models are in place for safe and
socially acceptable progress. Previous work has examined the
benefits and logistical challenges of integrating genomic and
routinely collected data in health care practice, but less is known
of this specifically in a research setting [6,12,13]. Therefore,
our objective is to add to this literature by conducting a narrative
literature review and a series of interviews that would provide
an outline of the use of genomic data alongside routinely
collected data in health research to date. It focuses on the types
of data that have been used, the role of routinely collected data
in these studies, the data sources, how researchers access the
data, and the challenges surrounding their use. This will inform
further work in developing a framework for working with
genomic and routinely collected data [14].
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Methods
Literature Review
First, we conducted a literature search of research that used
genomic data in conjunction with routinely collected data. We
define routinely collected data as data collected as a matter of
course and not specifically for research [8]. Genomic data refer
to the data generated after processing a person’s genome, in full
or in part, for example, by sequencing [7]. Studies were eligible
for inclusion if they had used both types of data in combination
to answer a health research question. We included studies of
any design published in either peer-reviewed journals or gray
literature in the English language.
We searched the following databases to identify these studies:
PubMed, Ovid, CINAHL, OpenGrey, CENTRAL, LILACS,
and Web of Knowledge from inception until January 31, 2019.
We also searched for books, gray literature, and websites. We
used a piloted search strategy that included keywords
representing genetic and routinely collected data, and the
following is the search strategy used for PubMed and modified
for use with the remaining databases:
1.
2.

3.

(Gene OR Genetic* OR Genome* OR Genomic*)
(Administration record* OR Anonymised OR Anonymized
OR Anonymisation OR Anonymization OR Big data OR
Clinical record* OR Data linkage OR Data mining OR
Data science OR Education record* OR Ehealth OR EHR
OR Electronic data OR Health record* OR Housing
record* OR Encrypt* OR Insurance OR Linked data OR
Medical record* OR Patient record* OR Prison record*
OR Publically available OR Publicly available OR Register
OR Registry OR Registries OR Routine data OR Routinely
collected OR Safe haven)
#1 AND #2

This search in PubMed resulted in more than 50,000 hits. After
initial pilot screenings, for example, by restricting to only
publications within the last 10 years, it was clear that, given the
number and heterogeneity of potentially relevant articles, neither
a systematic review nor a meta-analysis would be practical. We
took a pragmatic approach by scanning these articles to retrieve
information on the following items until we reached data
saturation, when no new information appeared in the text: types
of genomic data; types and roles of routinely collected data;
data sources; and data access models, that is, how researchers
access the data. We chose examples from each criterion to
ensure that we included a range of health conditions and
presented them in a narrative format, which followed the format
of the criteria given above.

Interviews
To understand the use of genomic and routinely collected data
in context, we recruited a purposive sample of individuals who
have been involved in leading research projects using a
combination of genomic and routinely collected data. We
identified potential participants from the literature search
outlined above and sent 19 interview invitations via email.
Reminders were sent after 2 weeks, and if there was no response,
we made no further contact. In total, 11 individuals agreed to
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participate in either an in-person or teleconferencing interview,
depending on their geographical location. Participants were
involved with the following projects: the Swansea Neurology
Biobank (Swansea, Wales); Dementia Platform UK (Oxford,
England); PsyCymru (Swansea, Wales); UK Biobank
(Stockport, England); BC Generations Project (British
Columbia,
Canada);
the
Province
of
Ontario
Neurodevelopmental Disorders (POND) Network, IC/ES
(Ontario, Canada); Electronic and Medical Records and
Genomics (eMERGE) Network (Vanderbilt, United States);
and the Sax Institute’s 45 and Up study (New South Wales,
Australia). We omitted any further information on the
participants to maintain their anonymity. We developed
interview questions with our advisory board: a group of UK
geneticists and data scientists who were interested in using
genomic data and our discussions centered around these:
1.
2.
3.

What is the purpose of integrating the genetic data with
health data?
What types of genetic data are being included?
Were there particular approvals you had to obtain? And if
yes, what were these?
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4.
5.
6.
7.
8.

What were the main challenges encountered?
How did you address the challenges?
What is your main model for storing these data?
What access model(s) do you use? For example, safe room
only, remote access, data released externally to researchers;
What are the conditions for access to data?

We followed up interviews by email if any answers needed
clarification.

Results
Textbox 1 provides a summary of the results of the literature
review and interviews. Multimedia Appendix 1 Table S1 [15-32]
provides a detailed summary of the results.
We included 19 studies in this literature review that provided
broad examples of the different types of genomic and routinely
collected data that can be used together to answer a
health-related research question. The countries where this
research was based were the United Kingdom [15-20], China
[21], United States [22-29], Canada [19,30,31], and Australia
[32].
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Textbox 1. Summary of results.
Type of genomic data
•

Single nucleotide polymorphisms

•

Polygenic risk scores

•

Gene activity scores

•

DNA methylation status

Purpose of combining data
•

Genome-wide association studies

•

Phenome-wide association studies

•

Longitudinal studies

•

Candidate gene studies

•

Gene profiling studies

•

Exploratory studies

Types of routinely collected data
•

Electronic health records

•

Disease registry data

•

Disease registries

•

Mortality registers

•

Deprivation indices

•

Health insurance

Role of routinely collected data
•

Identifying cases and controls

•

Baseline data

•

Deep phenotyping

•

Long-term follow-up

•

Sociodemographic information

Sources of data
•

Databanks

•

Biobanks

Governance models for data access
•

Publicly available on the web

•

Released to researchers

•

Data safe havens

Challenges
•

Data collection

•

Data storage and costs

•

Technical and/or software issues

•

Data privacy and data protection laws

Types of Genomic Data
Examples found of the types of genomic data used in these
studies included single nucleotide polymorphisms (SNPs), gene
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frequently used were SNPs [16,17,19,23-29], which represent
a single base-pair change in the DNA sequence and are highly
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granular; hence, they are popular in health research [33].
Research studies tend to refer to SNPs by their reference SNP
number, a unique identifier given to a SNP, or a cluster of SNPs
by the National Center for Biotechnology (NCBI) [34].
Polygenic risk scores are closely related to SNPs and were used
in 2 of the studies included in this review [15,16]. These predict
a person’s likelihood of developing a particular disease based
on the cumulative effect of a number of genetic variants [15].
Our literature search found other instances of quantitative
measures of gene activity combined with routine data, including
the 21-gene Recurrence Score, which measures the activity of
21 genes (16 cancer-related and 5 reference) for patients with
breast cancer [33] and the enzyme activity score for the CYP2D6
(cytochrome P450 family 2 subfamily D member 6) gene, which
codes for an important drug-metabolizing enzyme, and is highly
polymorphic in humans [34]. Rusiecki et al [29] measured
changes in DNA methylation status in their participants to
investigate whether this predicted posttraumatic stress disorder
in US military service members.

Purpose of Combining Genomic and Routine Data
Conducting genome-wide association studies (GWAS)
[15,17-19,21], phenome-wide association studies (PheWAS)
[24,25], and a combination of both [26,27] were the main
purposes of combining genomic and routine data. Both these
methods use powerful statistical techniques to find associations
between genetic variants (SNPs) and phenotypes, which can
then be used to predict the genetic risk factors of disease, levels
of gene expression, and even social and behavioral
characteristics such as educational attainment, impulsivity, and
recreational drug experimentation [35,36]. Given the number
of tested associations, these studies require large sample sizes
to yield enough statistical power to detect differences in genetic
variation between cases and controls [37]. Other study designs
included longitudinal studies [16,18,30-32], a candidate gene
study [23], case control studies [19,29], a gene profiling study
[22], and an exploratory study [28]. Each of these studies was
designed either to identify genetic risk factors of the disease or
to investigate drug safety or efficacy (Multimedia Appendix 1
Table S1).

Types and Role of Routinely Collected Data
EHRs appear to be, by far, the most common form of routinely
collected data used in the studies identified in this review. For
the type of research discussed here, data in EHRs have been
used to identify eligible participants, for phenotyping, and to
provide long-term follow-up on specific health outcomes. These
data are collected as a matter of course in health care systems,
and depending on their country of origin, EHR content can vary,
although usually this digital record will include the patient’s
name, address, demographics, medical history, care preferences,
lifestyle information (such as diet, exercise, and smoking status),
and free-text notes [38]. An example of EHR data used in the
identified studies was the International Classification of Disease
(ICD) coding. This allows clinicians to record the status of a
patient in a standardized way, whether it is for disease, disorder,
injury, infection, or symptoms [39]. Hebbring et al [26] used
ICD codes in EHRs to identify appropriate cases and controls
for their PheWAS study of the HLA-DRB1*150 gene involved
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in immune regulation. Rusiecki et al [29] used ICD codes to
identify cases with a postdeployment diagnosis of posttraumatic
stress disorder in their study on the link between gene expression
and posttraumatic stress disorder in US military service
members.
EHRs were also used to describe and validate a phenotype of
interest, which is particularly important for PheWAS studies.
The large number of phenotypes used in these analyses need to
be clearly defined to ensure that any associations made with
genetic variants are precise and replicable [40]. For example,
Breitenstein et al [23] used EHRs to define the type 2 diabetes
phenotype needed for their candidate gene study based on
diagnoses, medications, and laboratory tests. The algorithm
used to achieve this was developed by the eMERGE Network
(see below for more details on this organization) and has been
used successfully many times since [41].
In addition to providing a baseline snapshot of the patient, EHRs
are also longitudinal in nature, and this makes them ideally
placed to provide long-term follow-up to study participants. An
example of this is the Genetics and Psychosis (GAP) study,
which looked at a purported association between a variant of
the ZNF804A gene and poor outcomes after first-episode
psychosis [20]. Using individual-level linkage between EHRs
and genotype data, this study followed the clinical outcomes
for 291 patients over a period of 2 years, and subsequently found
strong evidence for their hypothesis.
Other examples of routine data used in genomic research include
disease registry morbidity and mortality records [20,22]. Disease
registries collect information on clinical outcomes and care for
a specific patient population over time. EHRs often feed data
into these registries, but registry data can also include
patient-reported outcomes and other biometric data, and
therefore provide a more holistic view of the patient than an
EHR would in isolation, for example, the UK MS Register [42].
Routine data sets need not be individual-level or person-based
to prove useful in genetic research. A case in point is the Scottish
Index of Multiple Deprivation, which gives an indication of a
geographical area’s socioeconomic deprivation based on data
about employment, income, health, education, housing, crime,
and access to services [43]. Clarke et al [15] were able to link
participants’ postcodes to the Scottish Index of Multiple
Deprivation and generate socioeconomic deprivation variables
to investigate their association with polygenic risk scores for
alcohol dependence.

Sources of Genomic and Routinely Collected Data
Overview
Although individual research projects often collect biological
samples and generate their own genomic data for combination
with routinely collected data [19,29], studies can also make use
of the many sources of genomic and routinely collected data
already available. Our interview participants spoke to us about
the different data sources they used in their research and
provided details on the use of these data and the participants of
their projects. From this information, there seem to be two
general categories of these sources: databanks and biobanks,
the former where only the data are stored, and the latter, which
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store both biological samples and genomic data. Below are
illustrative examples; therefore, this is not an exhaustive list.

Dementias Platform UK
Dementias Platform UK (DPUK) [16] is a data portal funded
by the Medical Research Council that hosts the data of 2 million
people from over 40 cohorts relevant to dementia research.
Combining these data enhances the individual research power
of each study and brings together knowledge from a number of
stakeholders to facilitate and accelerate new discoveries.
Examples of these cohorts are the GENetic Frontotemporal
Dementia Initiative (GENFI; genotype data for GRN, MAPT,
and C9ORF72 genes) and the Genetic and Environmental Risk
in Alzheimer’s Disease (GERAD) Consortium (whole exome
sequences) [16]. Presently, DPUK provides EHR linkage for
Welsh participants via the Secure Anonymized Information
Linkage (SAIL) databank [44].

UK Biobank
UK Biobank [45] is a national resource with data from 500,000
participants aged between 40 and 69 years who have donated
blood, urine, and saliva samples, have undergone a number of
baseline measures, and have provided detailed health and
behavioral information about themselves. Genomic data are
available for 488,000 participants and comprise SNPs,
genotypes, and haplotypes. The UK Biobank holds a number
of routine data sets, including hospital inpatient episodes, cancer
registrations, and deaths. Studies using the UK Biobank genomic
and routinely collected data include genome-wide meta-analyses
of depression [17] and identifying candidate gene and disease
associations that could help predict adverse drug reactions [26].

Personal Genome Project
The Personal Genomes Project (PGP) is a databank founded in
2005 at Harvard University and now extends worldwide. It
provides a web-based platform for individuals (over 100,000
people to date) to share their genomic data publicly, along with
their EHRs, and other trait information to progress science
without many of the governance restrictions of traditional
research. Most of the genomic data on the PGP database are in
SNP format, although files of raw sequence data are available
for some participants [43].

eMERGE Network
The eMERGE Network is a consortium of American medical
institutions whose goal is to use EHR data in combination with
a variety of genomic data types to advance translational research.
The network also releases its genomic data, including GWAS,
whole genome, and whole exome sequence data, along with a
subset of phenotypic elements to the broader community of
researchers via the dbGaP—an NCBI [46] database of genotypes
and phenotypes. Through this mechanism, any research project
can be applied to the uploaded data. A wealth of publications
have resulted from eMERGE’s work; these are available to view
on the web [24,25,47].

POND Network
The POND network is an IC/ES [31] initiative based in Ontario,
Canada, and involves a cohort of children and young people
(the total number of the sample is approximately 3000) with a
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neurological development disorder, with a particular focus on
autism. This is a highly phenotyped cohort with all participants
having undergone multiple clinical tests, including those for
attention-deficit/hyperactivity disorder, obsessive-compulsive
disorder, and family history and demographic data. A subset
(n=667) provided consent for linkage with administrative data
held in IC/ES via health card numbers. The aim is to identify
subgroups of autism based on the co-occurrence of other
developmental conditions, other comorbidities, and health
service use, and to characterize these groups based on clinical
attributes and genomics. The network data are project-level
only, although it is anticipated that linkage of genomic data to
administrative and health data will become more routine in the
future.

BC Generations Project
The BC Generations Project [48] is British Columbia’s (BC)
largest ever health study and is part of a national initiative—the
Canadian Partnership for Tomorrow Project—to aid researchers
in answering questions about how environment, lifestyle, and
genes contribute to cancer and other chronic diseases. Almost
30,000 participants were involved in the project, and they
provided baseline information about their health, diet, lifestyle,
and medical and family history. Many have also donated blood
and urine samples, and the type of genomic data generated from
these samples is based on the needs of the researchers (subject
to approval). The BC cohort is one of several provincial cohorts
that can be combined for national studies or can be linked to
provincial administrative data via PopDataBC [49].

Sax Institute and the 45 and Up Study
Based in Australia, the main business of the Sax Institute is to
manage the 45 and up study, which has been following 260,000
people for over 12 years who provide both routinely collected
and self-reported health data [32]. The aim of this study was to
collect samples from 50,000 individuals for full genome
sequencing. The Sax Institute has a partnership with the Garvan
Institute of Medical Research [50], which acts as a genome
sequencing facility and makes data available for research subject
to approval. The Garvan Institute retains all the genomic data,
but with data linkage to the Sax Institute.

Data Governance Access Models
Overview
We surveyed the data access models and information governance
systems of genomic and routine data sources identified by our
literature search and interviews. From the additional information
given to us by our interview participants, we were able to
categorize data access models as follows: (1) publicly available
on the web, (2) released to researchers, or accessed via a (3)
data safe haven.

Publicly Available on the Web
There are a wealth of free, genomic data sources on the web,
made available because of individual projects or from the pooled
results of a variety of different projects. These data are either
downloadable or viewable on the web. For this type of resource,
data tend to be at the gene or variant level (eg, GIANT
Consortium [51]; GWAS Catalog [52]), but some do hold
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individual-level data, eg, Database of Genomic Variants [53].
The Personal Genome Project, described above, is the only data
source that provides identifiable, individual-level genomic data
[43]. All other data were deidentified.

Released to Researchers
Currently, the most common way for genomic data to be
accessed for research is through secure electronic file transfer
to the researcher. This generally occurs after successful
application to an internal review board (IRB) and signed data
use agreement (DUA). All of the published research studies
identified by our literature search used this model, unless the
genomic data were generated specifically for that particular
project. For instance, Cronin et al [24] received genomic data
regarding 54 SNPs, and also demographic, vital sign, and billing
data derived linked EHRs by the eMERGE network. Other
biobanks using this model include Mayo Genome Consortia
[23], China Kadoorie Biobank [21], UK Biobank [17,26], BioVu
[24], and Generation Scotland [17], although access to BioVu
data is only granted to Vanderbilt faculty members [54]. In
addition to IRB and DUA procedures, the use of individual-level
EHR data supplied by Generation Scotland also requires an
application to the NHS Research Ethics Committee [55].

Data Safe Havens
The use of large-scale population data in health research has
become increasingly popular in the last few decades, and this
has seen the evolution of data safe havens as a way to ensure
its safe and secure use. Lea et al [56] defined data safe havens
as a system that invokes procedural, technical, and physical
controls, including access to data within a secure environment
(rather than data release), in order to safeguard the identities of
people providing the data. Despite there being a greater tendency
in the literature for releasing data to researchers, we have seen
from our work with interview participants, a trend toward using
a data safe haven system for both younger and more
well-established organizations.
The PsyCymru study [18] and the Swansea Neurology Biobank
[19] have deposited polygenic risk scores and SNPs,
respectively, into the SAIL Databank [44], a data safe haven
based at Swansea University. The SAIL Databank provides
remote access to many linkable anonymized data sets, and both
of these studies have used SAIL to link their genetic data and
other phenotypic data to EHRs and other routinely collected
data. These data are available only for project access, and
currently cannot be shared. However, their intention is to make
linked genetic and routinely collected data available for research
in the near future [57,58].
The Sax Institute operates in a similar way to the SAIL Databank
in that it provides access to genomic and health data via a virtual
lab by remote access anywhere in the world. Data access
requires approval by two data access committees: one at the
Garvan Institute and one at the Sax Institute. The BC
Generations Project said, “should the researcher access the
project’s data via PopDataBC then they would only be allowed
to use the data on within the secured research environment”
(Participant 5, BC Generations Project).
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For the UK Biobank, the current modus operandi releases
anonymized data externally to researchers. However, they stated
that this is unlikely to be sustainable because genomic data files
are too large. The UK Biobank will likely be changing to a
remote access model in the near future. The eMERGE Network
also confirmed that they are experimenting with remote access
into a data safe haven. One of our participants who used IC/ES
data explained that “as the data are considered highly sensitive,
access is only by an ICES analyst, with results provided to the
project lead” (Participant 4, IC/ES).

Challenges
Combining genomic and routine data does not come without
its challenges. Our participants, who are currently working with
these data, spoke to us about these different challenges during
their interviews, and their experiences are summarized below.

Data Collection
A challenge described by several participants concerned data
collection. Conducting long-term follow-up over long periods
and at regular intervals means that participants need to be invited
and reconsented to provide more blood and other health
information. In addition, poor quality sequence alignment could
render the samples useless, and with repeated use by researchers,
blood samples will eventually become exhausted. Each of these
issues necessitates a lengthy and expensive process of
resampling thousands of individuals and imposes a burden on
participants. A possible solution to this, as one participant
suggested, is to “join up with others biobanks in order to work
towards epidemiologically valid sample sizes” (Participant 1,
45 and Up Study)

Data Storage and Costs
Genomic data are huge, approximately 90 GB for the raw data
of 1 whole genome, and this is often the source of technical
issues surrounding its use [59]. One participant told us that their
main challenge was data storage capacity and that “it may no
longer be cost or space efficient for organisations to hold
multiple datasets” (Participant 2, UK Biobank). They go on to
explain that there is certainly a case to be made for storing
genomic data as VCF files only, which keep record only of gene
sequence variations and are much smaller and easier to work
with. However, this restricts the type of analyses possible,
particularly in the advent of new discoveries about the anatomy
of the genome. There may be a need to find solutions regarding
storage space for raw genomic data and for specialist platforms
required to conduct analyses.

Technical and/or Software Issues
Many of the challenges faced by participants working with these
data are technical in nature. Participant 3 (eMERGE) described
creating a sequencing platform from the ground up, which was
much longer than initially projected. Furthermore, they described
that multiple sequencing centers needed harmonization, as well
as the needs across sites and projects for network-wide data
collection. Another participant found difficulties surrounding
analysis software and analyst capacity, since this is a very
specialized skill (Participant 4, IC/ES). Researchers often
conduct genetic data analysis using publicly available,
downloadable software applications, which are subject to
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frequent updates for improvements. This is a challenge to
incorporate this software and keep it up to date. Several other
participants spoke of similar software issues. Potential solutions
discussed during our interviews were to upscale and have
dedicated servers for genomic data, as well as to install specialist
toolsets within the secure research environment.

Data Privacy and Data Protection Laws
Given the possibility of identifying individuals from genomic
data [60], privacy is of primary concern. We were told that, for
one research project using IC/ES data (Participant 4), the privacy
approval group was concerned about identifiability due to the
genomic data being unique, particularly where there are rare
variants. This means that the genomic data contained in variant
call files have been brought into the databank to show the
feasibility of transfer but has to be integrated into the analytical
platform.
The General Data Protection Regulation [61] in the United
Kingdom states that if researchers are to rely on the lawful basis
of consent to process medical genomic data, the reasons for
doing so must be described in an explicit and transparent way.
The rapid decrease in the cost of whole genome sequencing in
the last few decades has opened many new avenues for genetic
research, but this means that it is impossible to predict what this
research will actually look like in the future [55]. One participant
felt that this means they would need to seek consent from the
participant for each new research proposal [62], rather than just
once when their sample was taken. They expressed concerns
that “continued and lengthy re-contact with participants was
not only costly and difficult, it may also be invasive and
burdensome” (Participant 11, Swansea Neurology Biobank).
Also mentioned was Canada’s antidiscrimination laws (Bill
S-201: Genetic Nondiscrimination Act) to avoid prejudice on
the grounds of genetics (including insurance and employability)
[63] (Participant 5, BC Generations Project). Several participants
believed that the public acceptability of their work was
important, but they “weren’t sure how to go about ensuring it”
(Participant 7, Dementia Platform UK).

Discussion
Principal Findings
Using genomic and routinely collected data holds great potential
for health research. The genomic data we identified in our
literature review included SNPs, polygenic risk scores, and gene
activity scores. Routine data primarily consisted of EHRs, but
we did find other routine data types including registry data and
deprivation indices that had been combined with genomic data.
This paper shows how genomic research has progressed in recent
years—from basic GWA and PheWA studies—to more complex
methodologies in which health records are linked to genomic
data at the individual level. Associations between genetic
variants and phenotypes, identification of drug targets,
knowledge about drug toxicity, and effectiveness can all be
studied from the combination of genomic and routine data and
leveraged for public benefit.
The EHRs created during routinely collected care provide the
large sample sizes needed for GWAS analysis without the need
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for costly and time-consuming prospective data collection.
These larger samples allow for greater validity, generalizability,
and yield adequate statistical power, while also minimizing
participant burden and reducing attrition during follow-up [64].
In addition, these data sets are not limited to a circumscribed
number of phenotypes in the way that a traditional research
study might be [40]. This richness and diversity of EHR data
means that the large number of phenotypes used in PheWAS
can be very clearly defined (referred to as deep phenotyping),
which enhances the accuracy of phenotype-genotype
associations [40].
Most importantly, with regard to EHRs, perhaps, is the
additional information that routinely collected data provide
about an individual’s environment. This can include lifestyle
factors, education, work history, pollution, and even traumatic
events. Genetic determinism has long been rejected, and we
now widely accept the powerful influence that lifestyle and the
environment have on the way that our genes are expressed
[65-67]. Precision medicine requires novel correlations not only
between genotype and phenotype to be made but also with an
individual’s environment to inform new methods for diagnosing,
treating, and preventing disease in a way that is tailored to that
individual. Linking genomic data to routine data promises to
elucidate important findings for precision medicine research,
which will enable researchers to understand the relationship
between an individual’s genome and their complete life course
[68]. More of these types of studies are needed for precision
medicine to reach its full potential, to make the intricate
genotype-phenotype associations needed to advance the
understanding and treatment of disease.
From our interviews, we identified 3 main ways that researchers
can access genomic and routine data: publicly available on the
web, released to researchers, and via a data safe haven. We also
observed that biobanks and databanks seem to be moving toward
renouncing a data release model and instead favoring a data
safe haven approach. Aside from potentially solving data storage
issues, this will also help assuage privacy and governance
concerns. Reidentification and disclosure from genomic data is
possible [69,70] and can lead to many undesirable consequences:
discrimination by health or life insurance companies, societal
stigma, and the discovery of a genetic predisposition to a
condition when one does not want to be told. This is complicated
further because of the familial nature of genes, and disclosure
could cause some devastating effects for biological relatives as
well [71-73].
Despite this, we must keep in mind that simply because genomic
data are unique, this in itself does not render it identifiable.
Rather, the reidentification risk of genomic data depends on the
way they are accessed, the type of analyses that are conducted,
and the format in which the results are finally published [70].
This means that decisions to use certain data access models
based on practicality and decreased costs are not sufficient.
Genomic research relies heavily on human participation, and
the public should be consulted to inform the way in which their
data are accessed [74]. There is a plethora of activity taking
place to consult the public about health research in general, and
the success and acceptability of large-scale data research is
owed, in part, to the extensive public engagement activities that
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have been taking place [75,76]. Organizations such as the Global
Alliance for Genomics and Health [77] are engaging with the
public on the use of genomic data in research, but there is still
more work to be done regarding the use of genomic and
routinely collected data [78].

Limitations
This review was not intended to be exhaustive or systematic;
therefore, it does not include all health research studies that
have used genomic and routinely collected data. We also
excluded biobanks and databanks that do not house routine data;
therefore, we only include examples here. This may have
resulted in inadvertently excluding some countries and
institutions where this research takes place and the types of
genomic and routinely collected data that have been used. Not
implementing systematic methods in study selection may have
introduced bias in this review’s conclusions; however, the
pragmatic approach used here was deemed sufficient to meet
our objectives.
We included 19 studies in this review, only one of these
involved data and research from a non-Western country (China)
[21]. We did not come across any research that had taken place
in low- to middle-income countries, although as this review was
not conducted systematically, we may have unintentionally
overlooked these. However, the absence of any studies from
such countries may be, as Tekola-Ayele and Rotimi [79] explain,
a result of having a limited number of well-trained genomic
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scientists and poor research infrastructure, and due to a less
well-established routine data collection infrastructure and
procedures such as EHRs [80].
Qualitative interviews may be subject to recruitment bias, which
means that some viewpoints and experiences were excluded.
In addition, there is limited information about participants;
however, as this is a relatively small field of research, it was
deemed necessary to maintain participants’ privacy.

Conclusions
Given the projected increase in the availability of genomic data,
the potential to be obtained from its combination with routine
health data is vast. This review has shown examples of what
has been done in this field so far with, for example, GWAS and
PheWAS plus other study designs. For fields such as
pharmacogenomics, these methodologies need to be used further,
where using routinely collected data will simplify the process
of tracking longer-term outcomes of personalized medical
treatments, and elucidate new findings on the effects of the
environment on drug-gene interactions. Our take away from
this study is that there are several challenges involved in using
these data, particularly surrounding privacy. Therefore, it is
imperative that appropriate data governance be documented and
that public engagement activities take place to ensure socially
acceptable practices. Overcoming these barriers will ensure that
the use of these data to progress health research can be exploited
to its full potential.
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Abstract
Background: Urinary tract infections (UTIs) are one of the most common conditions in women. Current information on the
presentation, management, and natural course of the infection is based on paper diaries filled out and subsequently posted by
patients.
Objective: The aim of this study is to explore the feasibility of a smartphone app to assess the natural course and management
of UTIs.
Methods: A smartphone app was developed to collect data from study participants presenting with symptoms of UTI in general
practice. After initial demographic and treatment information, symptom severity was recorded by the patient after a reminder on
their smartphone, which occurred twice daily for a period of 7 days or until symptom resolution.
Results: A total of 181 women aged 18-76 years downloaded the smartphone app. The duration of symptoms was determined
from the results of 178 participants. All patients submitted a urine sample, most patients were prescribed an antibiotic (163/181,
90.1%), and 38.7% (70/181) of the patients had a positive culture. Moderately bad or worse symptoms lasted a mean of 3.8 (SD
3.2; median 4) days, and 70.2% (125/178) of the patients indicated that they were cured on day 4 after consultation. This compares
with other research assessing symptom duration and management of UTIs using paper diaries. Patients were very positive about
the usability of the smartphone app and often found the reminders supportive. On the basis of the feedback and the analysis of
the data, some suggestions for improvement were made.
Conclusions: Smartphone diaries for symptom scores over the course of infections are an efficient and acceptable means of
collecting data in research.
(J Med Internet Res 2021;23(9):e25364) doi:10.2196/25364
KEYWORDS
urinary tract infections; general practice; smartphone application; mobile phone
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Introduction
Background
Urinary tract infections (UTIs) are one of the most common
conditions for which women consult their general practitioner
(GP) [1]. More than half of the women consult their GP for a
UTI at least once in their lives [2,3].
UTIs are considered self-limiting infections [4,5], but antibiotics
are generally prescribed empirically [6-8]. The prescription of
antimicrobials for UTI accounts for a substantial amount of
prescriptions in primary care and contributes to an increased
risk of adverse drug effects, the burden of resistant infections
[9,10], and increased costs [11]. In women presenting in primary
care with suspected UTI, which turned out to be susceptible to
the antibiotic prescribed, the duration of more severe symptoms
was 3.3 days on average [2]. However, the duration increased
to 4.7 days for women with resistant infections and 4.3 days for
women with symptoms but no significant bacterial growth
(urethral syndrome) [2]. An international comparison of the
presentation and management of UTI in four European countries
found wide differences in management, with antibiotics
prescribed for 59%-95% of the presenting women; however,
there were no differences in the time taken to resolve moderately
bad to worse symptoms, which took a median of 4 days [12].
All studies reporting on the management of UTI base their
findings on the use of paper diaries, which are provided to
women at the time of consultation and are requested to be
returned by post after symptoms are resolved [5,13-15]. Such
diaries are also used in UTI trials where antibiotic treatment is
compared with symptomatic treatment for UTI in general
practice [16,17].
In one observational study that recorded the natural course of
UTIs, 64% of the symptom diaries were recovered [2], and in
another observational cohort of four countries, 70% of the
diaries were recovered [18]. A Danish study observing the effect
of point-of-care testing for UTI recovered 85% of the patient
diaries [19]. All of these studies have used additional resources
to contact patients and urge them to post their diaries.
Compliance with paper diaries has been compared with
electronic diary keeping for patients recording pain three times
daily for 21 days. The difference between electronic and paper
recording was analyzed, and the results showed a high level of
feigned compliance in the use of paper diaries [20]. Different
versions of electronic diaries have been piloted and tested in
various environments to record symptoms, such as in
inflammatory bowel disease [21], overactive bladder [22], and
asthma [23].
Smartphone apps are increasingly used in care innovation
research and provide new opportunities to develop interventions
[24]. In pain settings, apps have been most widely used to record
diary entries both in observational [25] and clinical trial settings
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[26]; however, apps have also been implemented for other
conditions [27-29]. In these studies, smartphone diaries have
been shown to be highly efficient and generally perform better
than paper-based diaries.
In our own SIMPle (Supporting the Improvement and
Management of Prescribing for UTI) study, we used an
observational study to follow patients with UTI using a
smartphone app [30]. The results of this feasibility study showed
that a smartphone app was well received and that once a patient
committed to reporting their symptoms, they would continue
doing so for the duration of the study [31].

Objective
The objective of this study is to develop and evaluate the
feasibility of a smartphone app to assess the natural course and
management of UTIs.

Methods
Aim
This study explored the feasibility of a smartphone app to assess
the natural course and management of UTIs in women
presenting in primary care and to document the outcomes of
urine culture, antibiotic resistance of bacterial growth, and
antibiotic prescription using a smartphone app with reminders
for data collection.

Design
This study is an observational feasibility study of women
presenting with symptoms of UTI.

Setting and Participants
Between November 2018 and December 2019, 6 GPs in the
west of Ireland enrolled adult female patients with symptoms
of UTI. After obtaining consent, the patient received a patient
number, which was texted to a central number to record the
patient’s phone number, and a link to download the app was
returned. Both patients and practitioners received a payment
for each download of the smartphone app.

Follow-up
A telephone call was made to all patients on days 4 and 28 (or
as soon as possible after this day). The aim of the day 4 phone
call was to confirm the symptom score. In addition, information
on adverse events, experience using the app, and return
consultation with a GP were recorded.

Smartphone App
A smartphone app was developed to collect data from the
participants (Figure 1). At enrollment, patients were requested
to record demographic information (age, recent UTI, marital
status, children, and medical card) as well as treatment details
(antibiotic treatment: yes or no, name of antibiotic, and
duration).
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Figure 1. Smartphone app.

To record the severity of symptoms, patients received a reminder
twice a day, once in the morning at 9 AM (or 10 AM and 11
AM if no entry was made) and once in the afternoon at 6 PM
(or 7 PM and 8 PM if no entry was made). Patients were
reminded to provide their symptom score for 7 days and, if no
recovery occurred, up to 14 days or until symptom recovery.
Symptom recovery was defined as a score of <2 (moderate) for
each symptom.
Symptom severity included four symptoms: dysuria (painful
and/or burning urination), frequency of urination, urgency of
urination, and lower abdominal pain. Symptoms were scored
from 0 (not at all) to 4 (as bad as it gets). An additional
question—Do you feel cured?—was included after the symptom
score to allow comparison with a Scandinavian trial in which
this was the main outcome score [32].
On days 0 and 5, patients were also asked to fill out a
UTI-related questionnaire on impairment to daily life activities
on the Activity Impairment Assessment (AIA) [33] as well as
self-rated health in general and on the particular day (on a visual
analog scale from 0 to 100) [34]. The AIA is a five-item
questionnaire that assesses the amount of times an individual’s
work or regular activities has been affected because of their
UTI. Patients respond to the AIA items on a five-point Likert
scale, with the response options none of the time, a little of the
time, some of the time, most of the time, and all of the time. The
questions were as follows: did you have to cut down on time at
work, could you accomplish less, were you limited in the kind
of work you did, did you have difficulty performing work, and
did your UTI interfere with social activity?

Sample Size
Considering a mean difference of half a day clinically
significant, a sample of 92 patients (α=.05 and β=.2) should
detect such a difference in the mean duration of symptoms (score
moderate or worse on the four items: dysuria, frequency of
urination, the urgency of urination, and lower abdominal pain
[5]) of 3.8 (SD 3.0) on day 4.
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Data Analysis
The duration of symptoms included the day the patient consulted
their GP. The mean duration of symptoms was based on the day
their mean total symptom score was moderately bad or worse
and similarly for the duration of each symptom separately. The
mean duration to cure is based on a yes answer to the question
Do you feel cured? Symptom resolution was based on the day
that all symptoms were 0. As the app was filled out for a
duration of 7 days, the return of symptoms within the 7 days
was included in the duration of symptoms. The end of symptoms
was also indicated on the first day when a patient ceased making
any more entries.
Antibiotic prescriptions were recorded on the day of the
consultation, and patients were asked every day if they were
still taking the antibiotic. The antibiotic prescribed was assessed
retrospectively in the context of the microbiological culture
results to assess if the organism tested was susceptible to the
antibiotic chosen empirically.
Urethral syndrome was defined as having symptoms of
suspected UTI, with no significant bacterial growth detected
on culture [2].
Analysis was performed using STATA 13.0 (StataCorp LLC)
and IBM SPSS, version 26. Tableau was used to visualize the
data.

Laboratory Analysis
Urine samples were collected from each patient. Samples were
sent to the Microbiological Lab of the University Hospital
Galway for analysis. A positive sample was based on a colony
count of >10,000 cfu/ml pure growth observed after overnight
incubation on chromogenic agar. Mixed growth was also
recorded and included for further analysis. Organisms detected
in pure culture were identified by matrix-assisted laser
desorption ionization–time of flight (Bruker). Susceptibility
testing was performed using the EUCAST (European Committee
on Antimicrobial Susceptibility Testing) disk diffusion
methodology and interpretive criteria.
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Ethical Approval
Ethical approval was obtained from the Irish College of General
Practitioners. Individual informed consent was obtained from
all participants before enrollment in the study. Consent had to
be confirmed at registration when downloading the smartphone
app.

Availability of Data and Materials

4, 39 did not provide a symptom score, but 13 of them provided
one on the previous day.
Of the 181 patients, 163 (90%) were prescribed an antibiotic.
Nitrofurantoin was most frequently prescribed (66.3%, 108/163),
followed by trimethoprim (20/163, 12.3%), co-amoxicillin
(11/163, 6.7%), amoxicillin (8/163, 4.9%), fosfomycin (5/163,
3.1%), and quinolone (2/163, 1.2%).

Access to anonymized patient data can be obtained from the
corresponding author upon request. The code for the smartphone
app can be obtained from the corresponding author and used
freely if referenced appropriately.

The question that was asked at every entry, that is, if they took
their antibiotic or if they used any pain medication, was filled
out irregularly and could not be analyzed.

Results

Symptoms started on average 5.6 days (SD 6.3) before they
consulted their GP, with a median of 4 days (IQR 5). The mean
duration of symptoms after they consulted their GP was 4.2
days (SD 3.0) and the mean time to cure (indicated by the
patient) was 3.8 days (SD 3.2). Table 1 and Figure 2 show the
mean duration of moderately bad or worse symptoms in more
detail. The most common symptom rated moderately bad or
worse on the first day was the urgency of urination (114/178,
64%), followed by frequency of urination (110/178, 61.8%),
lower abdominal pain (98/178, 55.1%), and dysuria (71/178,
39.9%); the duration of each symptom is shown in Multimedia
Appendix 1. There were no significant differences between the
types of UTI and if an antibiotic was prescribed or not. An
overview of the percentage of patients who indicated that they
felt cured each day since the consultation is presented in
supplementary Figure 2. Overall, 70.2% (125/178) of patients
indicated that they felt cured on the fourth day after consultation
(day 5), and this was 71.8% (115/160) among those who had
an antibiotic prescribed.

Overview
A total of 181 patients downloaded the smartphone app. Their
mean age was 29.7 (SD 14; median 22, range 18-76) years. Of
the women, 28.1% (51/181) were married or in a relationship,
69.1% (125/181) did not have children, 18.2% (33/181) had
one or two children, and 12.7% (23/181) had three or more
children. More than one-third (67/181, 37%) of the patients
were entitled to free medical and GP care, whereas 62.9%
(114/181) had to pay for their GP visit as a private patient. Of
the participants, 65.7% (119/181) had or were pursuing a
university degree and 34.2% (62/181) had secondary education.
A total of 39.8% (54/181) were working, 6.1% (11/181) were
homemakers, and 54.1% (98/181) were students.
Of the 181 patients, 3 never filled out any symptom score,
whereas all others provided at least one symptom score. On day

Symptom Duration

Table 1. Mean (SD) and median of the duration of symptoms according to urinary tract infection type and antibiotic prescription (N=178).
Variables

Symptoms

Dysuria

Frequency of
urination

Urgency of
urination

Lower abdominal
pain

Resolution

Cured

Value, mean (SD)

4.2 (3.0)

2.0 (2.6)

2.6 (2.6)

3.0 (2.9)

2.9 (3.3)

10.7 (20.9)

3.8 (3.2)

Value, median

4

1

3

2

2

6

3

UTI sensitive to ABb (n=36) 4.7 (3.5)

3.0 (0.6)

3.1 (3.3)

3.5 (3.5)

3.7 (3.6)

13.4 (26.3)

3.5 (3.1)

UTI resistant to AB or no
AB (n=7)

5.0 (2.7)

3.6 (3.6)

3.4 (2.1)

3.4 (2.5)

3.0 (2.9)

6.3 (4.0)

4.3 (4.1)

UTI unknown sensitivity
(n=26)

3.4 (1.8)

1.7 (1.6)

1.7 (1.2)

2.4 (1.7)

2.0 (1.9)

5.4 (2.2)

3.2 (2.0)

No significant bacterial
growth (urethral syndrome;
n=92)

4.3 (3.2)

1.6 (2.1)

2.8 (2.7)

2.9 (2.9)

3.1 (3.5)

12.0 (23.2)

4.1 (3.5)

Yes (n=160)

4.3 (3.0)

2.0 (2.5)

2.7 (2.6)

3.0 (2.9)

3.0 (3.2)

10.3 (20.4)

3.8 (3.2)

No (n=18)

3.4 (3.5)

2.3 (3.6)

2.2 (2.6)

2.9 (3.5)

2.2 (3.6)

10.4 (22.3)

4.2 (3.6)

Duration (days)

UTI a type, mean (SD)

Antibiotic, mean (SD)

a

UTI: urinary tract infection.

b

AB: antibiotic.
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Figure 2. Total symptom score by day. Each box represents the interval of 50% of the symptom scores, with the difference in color at the mean score.
Whiskers indicate the range of the symptom score on each day.

Overall, 90% (163/181) of patients had moderate to worse
dysuria for 4 days or less, 85.1% (154/181) had a frequency of
urination, 81.2% (147/181) had the urgency of urination, and
66.9% (121/181) had lower abdominal pain. Overall, symptoms
lasted 4 days or less for 56.9% (103/181) of the patients after
seeing their doctor (Multimedia Appendix 2).

Microbiology
Overall, 38.7% (70/181) patients had a positive culture.
Enterobacteriaceae (mainly E. coli) were cultured from 27.6%
(50/181) of patients, followed by S. saprophyticus from 5.5%
(10/181) of patients. A total of 17.7% (32/181) were mixed
cultures and 12.2% (22/181) were <10,000 cfu/ml. Resistance
to at least one of the tested antibiotics was recorded in 61%
(33/54) of isolates for which this could be assessed. Comparing
the antibiotic prescribed with the isolate and its resistance
showed that 55% (36/66) of the isolates tested were susceptible
to the antimicrobial prescribed, whereas for 41% (27/66), this
was not known. For 3 patients, the cultured organisms tested
resistant to the antibiotic prescribed. One of these patients was
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contacted to change the antibiotic (from co-amoxyclav to
nitrofurantoin).

AIA and General Health
Little difference was observed for the AIA score (Table 2); the
mean AIA score on day 0 was 6.6 (SD 5.0), and on day 5, it
dropped to 4.1 (SD 4.6). A paired two-sided t test of patients
providing a score on both days showed significance (P=.03),
and patients were asked to rate their general health on day 0
(mean 75.6, SD 17.3) and day 5 (mean 76.3, SD 18.2; Figure
3). Their health was rated at 55.8 (SD 20.1) on day 0 and 71.9
(SD 19.0) on day 5. The difference between their rated health
on days 0 and 5, as well as the difference in overall health, was
significant. On day 5, their health scores were still significantly
different from the overall health scores, but the overall health
scores on days 0 and 5 were not statistically different.
The total symptom score on day 0 was correlated with the AIA
(R2=23%) and similarly with the health score (17%) on day 0
and day 5.
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Table 2. Overview of the Activity Impairment Assessment (urinary tract infection–related questionnaire on impairment in daily life activities on the
Activity Impairment Assessment) and self-rated health in general and on the particular day (on a visual analog scale from 0 to 100).
Day of consultation (n=111), mean (SD)

Day 5 (n=96), mean (SD)

Cut down on time at work

0.95 (1.2)

0.6 (1.0)

Accomplished less

1.5 (1.2)

0.8 (1.0)

Limited in type of work

1.2 (1.2)

0.7 (1.0)

Difficulty performing work

1.4 (1.1)

0.8 (1.0)

Interfered with social activity

1.6 (1.2)

1.1 (1.2)

Total AIA score

6.6 (4.9)

4.1 (4.6)

Health score in general

76 (17)

76 (18)

Health score today

56 (20)

72 (19)

AIAa item

a

AIA: Activity Impairment Assessment.

Figure 3. Health score indicated on a sliding scale (0-100) answered for the questions how is your health today? and how is your health in general on
day 0 and day 5. The box represents 50% of the answers, whereas the whiskers cover 100% of the answers. The line in the box represents the mean
score. Outliers are indicated by the dots.

Associations
There was no difference in duration of symptoms, total symptom
score on the day of consultation, AIA, and health status on the
day of consultation between those who did and did not go to
university or between students and nonstudents. Only the total
symptom score was significantly higher (P=.03) for those not
in a relationship compared with participants who were married
or with a partner, but no other differences were observed. Age
was not correlated with any outcome (duration, total score, days
with symptoms before consultation, health score, or AIA).
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Day 4 and Day 28 Phone Call
A call was answered by 152 participants on day 4, and 128
patients answered on day 28.
On day 4, 39.8% (71/178) indicated that they felt cured,
compared with 70.2% according to the app data. A comparison
showed that 67.7% (103/152) indicated the same on the call as
they did on the app, 3.9% (6/152) indicated that they were cured
over the phone but not on the app, and 41/152 (26.9%) said they
were cured in the app but not when asked over the phone. The
total symptom score on day 4 according to the phone call was
3.8 days (SD 3.5) according to the call and 2.6 days (SD 2.6)
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according to the app, which was significantly different, that is,
symptoms were rated more severe when asked over the phone.
When asked about side effects, 28.9% (44/152) reported side
effects from the medication. The main side effects recorded
were stomach upset or diarrhea (17/152, 11.2%) and thrush
(4/152, 2.6%), and 18 did not specify any side effects, and five
reported urine discoloration (all patients reported that they had
received nitrofurantoin).
Of the patients who answered a call on day 28, 25% (32/128)
consulted the GP again for symptoms of UTI during the 28 days
after the initial consultation. Patients who consulted their GP
had significantly (P=.006) higher symptom duration (5.7 days,
SD 4.3 vs 3.9 days, SD 2.6) but no difference in symptom score
on the day they consulted. There was no difference in antibiotic
or painkiller prescription between those who did and did not
reconsult. Patients who reconsulted were significantly older
(mean 35.9, SD 17.8 vs mean 27.9, SD 12.4). On day 5, the
AIA score (6.9% vs 2.9%) was significantly higher, and the
health score (59.7% vs 75.1%) was significantly lower for those
who reconsulted.

Evaluation of the App
On the day 4 call, 116 patients provided further comments on
their UTI and/or the use of the app, whereas 128 patients
provided further comments on their UTI and/or the use of the
app on day 28. In general, the comments were positive. Some
patients liked the fact that the app reminded them of their
medication and improvement of their symptoms:
Handy for reminding in morning and evening to take
my medication and think about my symptoms more
and if they were improving or not.
App was good as made me check in with myself,
showed me how it was a recovery process.
App was good, not time consuming, interesting for
herself to track day to day feelings.
Overall, the app was received well:
App was good, quick and easy to use.
However, a few comments were made in relation to the
repetition of questions:
Felt like they were the same questions over and over
again.

Discussion
Principal Findings
It was shown that the use of a smartphone app to track patients’
symptoms of UTI is an efficient and effective approach to
replace paper diaries. Our estimates of the mean and median
duration of symptoms from the date of the consultation were
4.2 days and 4 days, respectively. This is comparable with the
observations made in previous studies of the natural course of
infection in which paper diaries were used [2,12]. However, the
mean and median duration of individual symptoms were rated
lower in the app than in the paper diaries from both studies.
Comparing our results with other trials using paper diaries
showed a mean duration of moderate to worse symptoms at 4.6
https://www.jmir.org/2021/9/e25364
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days [16] compared with 4.3 in our study. The do you feel cured
question as the main outcome in the Scandinavian trial was also
included in our study; 74% indicated cured on day 4 after the
consultation when taking the antibiotic, whereas in our study,
71.8% indicated cured in the group where an antibiotic was
prescribed. In general, the outcomes are similar to the outcomes
of other studies. The main difference and challenge in comparing
different studies and trials is the day on which outcomes are
measured, that is, whether this includes the day of consultation
or not. Inclusion of the method of measuring in a core outcome
set for UTI should be clearly defined [35].
UTIs are considered self-limiting infections [4,5], but antibiotics
are generally prescribed empirically [6-8]. The prescription of
antimicrobials for UTI accounts for a substantial number of
prescriptions in primary care, contributing to an increased
burden of resistant infections [9,10] as well as increased costs
[11]. Our study showed that 90% of the patients presenting were
prescribed an antibiotic, of whom 81.6% received a first-line
antibiotic [8]. Only 38.7% of the patients had bacteriological
confirmation of UTI. Very similar figures of prescribing were
confirmed in Wales, England, and Spain, whereas the
Netherlands showed much lower prescribing (59%); however,
confirmed UTI was approximately 17% in Wales and England,
42% in Spain, and 64% in the Netherlands. Although more
literature is emerging suggesting that symptomatic treatment
of UTI is often sufficient and acceptable [16,17], most GPs are
hesitant to do so. Compared with the last 10 years, GPs are
prescribing more in line with guidelines. In 2010, in a study
conducted in the same region, findings suggested only 26% GPs
prescribing a first-line antibiotic [7]. The efforts made since
then to decrease the use of co-amoxyclav in general practice
and encourage the use of (first line) prescribing guidelines seem
to be having an effect [30,36].
Our overall AIA score on the day of the consultation was 6.6
and 4.1 on day 4, compared with the trial of Gagyor et al [16],
in which 8.9 and 1.1 were recorded, respectively. However, it
is unclear why such large differences were observed. The
validation of the AIA score showed a total score of 7.6 on the
day of consultation, which is still higher than our finding, but
they do not provide a follow-up score [33]. The inclusion of the
health score might better measure general well-being on the day
of the consultation, and it shows high concordance between the
general health score on day 0 and day 4. This general health
score may provide a better insight into the severity of the UTI
and its impact on well-being.
The day 4 phone call was included to see how the smartphone
scores compared with the answer provided over the phone, and
39.8% indicated that they felt cured, compared with 70.2%
indicating to be cured when recorded on their smartphone. The
total symptom score according to the app was also lower than
that according to the phone call. Again, it is not clear why people
report lower scores on the app than on a phone call.
During the follow-up period, 25% reported a reconsultation and
28.9% reported side effects of some sort, which is in line with
the reported reconsultations in the four-country study.
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considering the comments as well as the analysis of the data, a
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number of conclusions can be made (Textbox 1).

Textbox 1. Conclusion made based on the use of a smartphone app to collect data, comments, and analysis of the data.
Conclusions
•

A smartphone app is an efficient and effective tool for collecting real-time data in research on infections.

•

Our app asked for daily scores twice, which were decided to capture differences between morning and afternoon scores. Many did not fill out
the app twice a day, and those who did, did not show major differences between morning and afternoon. It also introduced an additional step in
the analysis, using the mean score for the day, or if only one score was provided, to use this score.

•

Patients were interested and committed to using their app at the start of the study. At this stage, a few additional questions could be included to
improve its use:

•

The app should request at the start what time of the day is most convenient to fill out the app. This should then be the trigger for the reminder
on the phone to fill out their app.

•

Type and duration of antibiotic prescribed: On the day after their course is intended to finish, patients can be asked if they have any medication
left. This would avoid repeatedly asking if they had taken their antibiotic.

•

For painkiller use, this should only be included if it is part of particular interest to the main research question.

Strengths and Limitations
To our knowledge, this is the first prospective study to describe
the natural course of a UTI using a smartphone app. Smartphone
apps are frequently used for chronic conditions, where patients
have more time and are not in distress when asked to enroll in
a study. The acceptability and ease of use of the smartphone
app have been shown for both patient use and completeness of
data. However, participants may have been selectively rather
than randomly invited to participate, but no reliable logs of
potentially eligible patients were retained. We encouraged GPs
to enroll any age group, and the age range (18-76 years), clearly
shows that age was not a limitation to participate in our study.
The overall mean age of participants was, however, younger
than previous studies by our group, in which the mean age was
56.1 years (SD 20.7), and is probably due to the inclusion of a
student GP center for enrolment of patients [30]. In the pilot
study of our smartphone app to record symptoms of UTI, we
found GPs to favor inviting younger patients to participate,
which we subsequently and in this study, aimed to avoid by
asking GPs to include all ages [31]. The restrictions to

enrollment are most likely because of the additional time
necessary to consent patients to the study, particularly as UTI
consultation is usually considered straightforward and short.
A few questions arise with the results obtained, particularly in
relation to discrepancies between phone call scores and
smartphone scores from the same day. Other research into the
course of infections using a smartphone app may be performed
in the future, which may shed more light on this. However, no
other study has identified the use of smartphones for infection
symptom scores, so our findings could not be confirmed.
However, the similarities between our outcomes and those of
studies with paper diaries are encouraging. In particular, for
trials where consent will be required anyway, smartphone diaries
may be considered in the future, which could significantly
reduce the energy and time spent to collect outcomes after a
patient leaves the practice.

Conclusions
Smartphone diaries for symptom scores over the course of
infections are an efficient and acceptable means of collecting
data in research.
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Multimedia Appendix 1
Mean duration of each symptom and total symptom scored moderate to severe for each symptom (dysuria, frequency of urination,
urgency of urination, and lower abdominal pain), and duration for any of these symptoms (average total duration).
[PNG File , 10 KB - jmir_v23i9e25364_app1.png ]
Multimedia Appendix 2
The day a patient indicates to be cured from the day of consultation.
[PNG File , 176 KB - jmir_v23i9e25364_app2.png ]
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Abstract
Electronic patient-reported outcome (ePRO) systems for symptom monitoring in patients with cancer have shown quality of life
and survival benefits in controlled trials. They are beginning to be used in routine oncology practice. Many software developers
provide software solutions for clinicians, but how should clinicians decide which system to use? We propose a synthesis of the
main questions regarding the effectiveness, safety, and functionality of an ePRO system that a clinician should ask software
providers to assist in the selection of a software product in order to obtain the best value tools for their patients and their practice.
(J Med Internet Res 2021;23(9):e30549) doi:10.2196/30549
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Background
Electronic patient-reported outcome (ePRO) systems for
symptom monitoring of patients with cancer have had
demonstrated quality of life and survival benefits in controlled
trials (Table 1). They also result in a reduction of emergency
hospitalization and have favorable cost-effectiveness and clinical
utility; in addition, users have good perceptions of ePRO
systems [1-9].
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The practical integration of these ePRO systems into patient
care is increasing and the positive results of trials have
contributed to their increased use. The organization of medical
teams is challenging because it requires the presence of a nurse
dedicated to initial alert management and a dedicated time for
the physician to respond to the alert.
It is challenging for clinicians and patients to identify systems
that will add value to patient care in real life because the number
of ePRO tools available is rapidly increasing, making it difficult
for physicians to choose just one.
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Table 1. Randomized studies of remote monitoring of patients with cancer by electronic patient-reported outcome systems.

a

Authors

Number of
patients

Indications

Questionnaires
used

Multicentric trial

Type of
cancer

Improved outcome

Basch, 2017 [1] and 2016
[9]

766

Toxicity monitoring

NCI-CTCAEa

No

All

Quality of life, survival, reduced emergency use

Mir, 2020 [2]

609

Toxicity monitoring

PRO-CTCAEb

No

All

Dose intensity

Basch, 2020 [3]

1191

Toxicity monitoring, followup, supportive care

PRO-CTCAE

Yes

All

Quality of life, symptom control

Absolom, 2021 [4]

508

Toxicity monitoring

NCI-CTCAE

No

All

Quality of life, symptom control

Berry, 2014 [5]

752

Toxicity monitoring, support- SDS-15c
ive care

Yes

All

Symptom control

Strasser, 2016 [6]

264

Toxicity monitoring, support- ESASd
ive care

Yes

All

Symptom control

Denis, 2019 [7]

133

Follow-up

Not reported

Yes

Lung

Survival

Moony, 2021 [8]

252

Toxicity monitoring

Not reported

No

All

Quality of life, symptom control

NCI-CTCAE: National Cancer Institute version of the Common Terminology Criteria for Adverse Events.

b

PRO-CTCAE: Patient-Reported Outcomes version of the Common Terminology Criteria for Adverse Events.

c

SDS-15: Symptom Distress Scale-15.

d

ESAS: Edmonton Symptom Assessment System.

Many criteria can be used to select ePRO systems, although
there is little scientific literature focused on ePRO systems in
oncology. However, some criteria on effectiveness, security,
and functionality are usually included in telehealth or digital
therapeutics assessments [10-12].
In general, ePRO systems must meet specific criteria for both
the patient’s and clinician’s benefit. Here, we propose some
questions that physicians may direct toward system providers
to help them choose a relevant ePRO software.

5.

6.

7.

Effectiveness Criteria
1.

2.

3.

4.

Notifications must be sent to the medical team. This factor
appears to be more important than sending a notification
to the patient on their smartphone and allowing them to call
the medical center. This was included in randomized studies
of ePRO systems for patients with cancer [1-9].
The solution must be a medical device with quality marking
such as a Class II CE mark [13-15]. This ensures that the
product complies with the essential requirements of the
relevant European Union legislation in which all devices
must be evaluated for clinical efficacy and any side effects,
if applicable, by means of preclinical and clinical
evaluation. As ePRO systems are Class IIa medical devices,
manufacturers must provide full quality assurance such as
product and postmarket surveillance (materiovigilance) to
obtain conformity. The management of materiovigilance
is included in Class IIa CE marking and is mandatory.
The solution must use validated algorithms. This validation
aims to assess reliability and the performance of algorithms
in detecting events; algorithms’ performance should be
published in journals [1-9,16,17].
The solution should contain algorithms that allow adverse
events monitoring of the main drugs used in oncology (ie,
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8.

chemotherapy, immunotherapy, hormonotherapy, targeted
therapy, radiotherapy) [1-6,8,16,17].
As early supportive care improves survival in oncology,
the solution should contain algorithms to detect symptoms
that make a patient eligible for early supportive care
[3,5,6,18].
The solution should allow for follow-up of the patient to
detect complications or symptomatic relapse early, which
improves clinical utility and patient outcomes [3,7].
Clinicians should use solutions with up-to-date algorithms,
especially for patients receiving therapies such as
maintenance or long-course treatment. As the main new
drugs (eg, immunotherapy or targeted therapies) have only
been widely used for fewer than 5 years, solutions using
algorithms older than this should be avoided. This is
mandatory for Class IIa CE marking of medical devices
[13-15].
Validated questionnaires such as the Patient-Reported
Outcomes version of the Common Terminology Criteria
for Adverse Events (PRO-CTCAE) items from the National
Cancer Institute or the Edmonton Symptom Assessment
System (ESAS) should be used in the patient questionnaire.
The PRO-CTCAE measurement system was developed to
capture symptomatic adverse events in patients in cancer
clinical trials and is now recommended for ePRO remote
monitoring of symptoms because it evaluates the symptom
attributes of frequency, severity, and interference. It has
also been linguistically validated in more than 30 languages
[3,19]. ESAS is one of the most used patient-reported
outcome scales for symptom assessment in palliative care
and oncology in the past 25 years. Although it only uses
unidimensional scales to assess symptom intensity, ESAS
has been psychometrically validated, has been translated
into numerous languages, and is freely available. A change
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of one point was found to be the optimal cutoff for both
improvement and deterioration for all 10 symptoms included
in ESAS using a sensitivity-specificity approach. As it
enables rapid, pragmatic assessment of multiple symptoms
simultaneously, ESAS is used extensively in the clinical
setting for symptom screening and monitoring worldwide.
However, it cannot be used to monitor all treatment
toxicities because only 10 symptoms are assessed; the ESAS
does not include digestive symptoms (eg, vomiting,
diarrhea), cutaneous symptoms, fluid retention (eg, edema),
or sepsis. However, its routine use was associated with a
6% increase in 1-year overall survival in a retrospective
matched cohort study of 128,893 patients [20-22].

Safety Criteria
1.

2.

3.

4.

5.

A real-life study assessment of the solution should be done
to confirm that performance and compliance are in line with
that reported in premarket studies and to assess the
postmarket security of the solution. It is especially important
to assess the satisfaction of patients in a real-life study [13].
In Europe, the solution must comply with the General Data
Protection Regulation (GDPR) that protects and secures
patient data. Data protection regulations strengthened the
management of alerts and the security of data transmitted
to the medical team [23].
Oncologists should avoid a solution that allows clinicians
to set alert thresholds themselves because the lack of data
about the safety and reliability of modified thresholds can
result in physician responsibility if a patient experiences
an adverse event (eg, following a false negative event).
Solutions that allow the creation of “homemade” algorithms
should be avoided for the same reasons as described in the
previous point.
Oncologists should avoid solutions developed by software
providers about which a critical security alert was issued
by health authorities (eg, risk of a serious adverse event
due to critical software dysfunction). Many countries are
already publishing these notifications on their health
agency’s portal (eg, the French national health security
agency [24]).
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Functionality
1.

2.

3.

4.

5.

6.

7.

As not all patients have smartphones, the software should
allow for the sending of forms by mail or SMS text message
to patients [3].
The software must allow different health professionals
(physicians and nurses and their colleagues) to manage
notifications [3].
There should be one software for all major cancers, covering
the entire course of treatment (active treatment and
surveillance) to avoid the use of multiple software for one
patient. This would reduce the technical burden placed on
professionals and result in higher levels of satisfaction
among patients and health professionals in routine use [3].
A single software containing an all-in-one algorithm
enabling the detection of toxicities, follow-up management,
and supportive care should be prioritized to avoid the use
of multiple software with different algorithms. Too many
different rules triggering notifications to physicians reduce
understandability among users [3].
A free-text window triggering notifications when used
should be integrated into the patient form to improve
communication of other symptoms that are not present on
the form or to allow patients to ask health professionals
questions [3,7].
A software that allows the integration of patient reports into
the electronic health record of the health center would be
useful to improve the care team’s management of
notifications [4].
A software that contains cancer patient education modules
would assist in optimizing treatment tolerance and
compliance [25].

These criteria are summarized in Figure 1.
As ePRO systems will become a standard of quality of care for
patients with cancer, the use of these solutions will increase,
but their efficacy, security, and functionality should be
warranted by the software providers to give the same benefit to
real-life patients to allow reimbursement for these tools by
health authorities.
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Figure 1. Criteria synthesis of ePRO systems for remote monitoring of patients with cancer by oncologists. EMR: electronic medical record; ePRO:
electronic patient-reported outcome; ESAS: Edmonton Symptom Assessment System; PRO-CTCAE: Patient-Reported Outcomes version of the Common
Terminology Criteria for Adverse Events.
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Abstract
Background: Research on the integration of artificial intelligence (AI) into community-based primary health care (CBPHC)
has highlighted several advantages and disadvantages in practice regarding, for example, facilitating diagnosis and disease
management, as well as doubts concerning the unintended harmful effects of this integration. However, there is a lack of evidence
about a comprehensive knowledge synthesis that could shed light on AI systems tested or implemented in CBPHC.
Objective: We intended to identify and evaluate published studies that have tested or implemented AI in CBPHC settings.
Methods: We conducted a systematic scoping review informed by an earlier study and the Joanna Briggs Institute (JBI) scoping
review framework and reported the findings according to PRISMA-ScR (Preferred Reporting Items for Systematic Reviews and
Meta-Analysis-Scoping Reviews) reporting guidelines. An information specialist performed a comprehensive search from the
date of inception until February 2020, in seven bibliographic databases: Cochrane Library, MEDLINE, EMBASE, Web of Science,
Cumulative Index to Nursing and Allied Health Literature (CINAHL), ScienceDirect, and IEEE Xplore. The selected studies
considered all populations who provide and receive care in CBPHC settings, AI interventions that had been implemented, tested,
or both, and assessed outcomes related to patients, health care providers, or CBPHC systems. Risk of bias was assessed using
the Prediction Model Risk of Bias Assessment Tool (PROBAST). Two authors independently screened the titles and abstracts
of the identified records, read the selected full texts, and extracted data from the included studies using a validated extraction
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form. Disagreements were resolved by consensus, and if this was not possible, the opinion of a third reviewer was sought. A third
reviewer also validated all the extracted data.
Results: We retrieved 22,113 documents. After the removal of duplicates, 16,870 documents were screened, and 90 peer-reviewed
publications met our inclusion criteria. Machine learning (ML) (41/90, 45%), natural language processing (NLP) (24/90, 27%),
and expert systems (17/90, 19%) were the most commonly studied AI interventions. These were primarily implemented for
diagnosis, detection, or surveillance purposes. Neural networks (ie, convolutional neural networks and abductive networks)
demonstrated the highest accuracy, considering the given database for the given clinical task. The risk of bias in diagnosis or
prognosis studies was the lowest in the participant category (4/49, 4%) and the highest in the outcome category (22/49, 45%).
Conclusions: We observed variabilities in reporting the participants, types of AI methods, analyses, and outcomes, and highlighted
the large gap in the effective development and implementation of AI in CBPHC. Further studies are needed to efficiently guide
the development and implementation of AI interventions in CBPHC settings.
(J Med Internet Res 2021;23(9):e29839) doi:10.2196/29839
KEYWORDS
artificial intelligence; machine learning; community-based primary health care; systematic scoping review

Introduction
The use of artificial intelligence (AI) in primary health care has
been widely recommended [1]. AI systems have been
increasingly used in health care, in general [2], given the hope
that such systems may help develop and augment the capacity
of humans in such areas as diagnostics, therapeutics, and
management of patient-care and health care systems [2]. AI
systems have the capability to transform primary health care
by, for example, improving risk prediction, supporting clinical
decision making, increasing the accuracy and timeliness of
diagnosis, facilitating chart review and documentation,
augmenting patient–physician relationships, and optimizing
operations and resource allocation [3].
Community-based primary health care (CBPHC) is a
society-wide approach to primary health care that involves a
broad range of prevention measures and care services within
communities, including health promotion, disease prevention
and management, home care, and end-of-life care [4]. CBPHC
incorporates health service delivery from personal to community
levels and is the first and most frequent point of contact for the
patients with health care systems for patients in many countries,
including Canada [4]. In addition to providing comprehensive
health care and its importance within healthcare systems,
CBPHC has also been identified as essential in formulating
evidence-informed public health policies [5]. Given the growing
role of primary health care and CBPHC in our society [6], it is
important to develop strategies that address the limitations of
the existing health care system and enhance the overall quality
of care delivered alongside all other aspects of CBPHC. This
includes efforts for reducing the growing health care burden of
CBPHC providers as well as the burden of chronic diseases,
decreasing rates of misclassification and misdiagnosis, reducing
cases of mismanaged diseases, and increasing accessibility to
care [7-17].
Indeed, integration of AI into CBPHC could help in a variety
of ways, including identifying patterns, optimizing operations,
and gaining insights from clinical big data and community-level
data that are beyond the capabilities of humans. Over time,
using AI in CBPHC could lessen the excessive workload for
https://www.jmir.org/2021/9/e29839
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health care providers by integrating large quantities of data and
knowledge into clinical practice and analyzing these data in
ways humans cannot, thus yielding insights that could not
otherwise be obtained. This will allow health care providers to
devote their time and energy to the more human aspects of
health care [18]. Several studies have reported early successes
of AI systems for facilitating diagnosis and disease management
in different fields, including radiology [19], ophthalmology
[20], cardiology [21], orthopedics [22], and pathology [23].
However, the literature also raises doubts about using and
implementing AI in health care [24,25]. Aspects including
privacy and consent, explainability of the algorithms, workflow
disruption, and the “Frame Problem” that is defined as
unintended harmful effects from issues not directly addressed
for patient care [26].
Despite the potential advantages, disadvantages, and doubts,
there is no comprehensive knowledge synthesis that clearly
identifies and evaluates AI systems that have been tested or
implemented in CBPHC. Thus, we performed a systematic
scoping review aiming to (1) summarize existing studies that
have tested or implemented AI methods in CBPHC; (2) report
evidence regarding the effects of different AI systems’ outcomes
on patients, health care providers, or health care systems, and
(3) critically evaluate current studies and provide future
directions for AI-CBPHC researchers.

Methods
Study Design
Based on the scoping review methodological framework
proposed by Levac et al [27], and the Joanna Briggs Institute
(JBI) methodological guidance for scoping reviews [28], we
developed a protocol with the following steps: (1) clarifying
the purpose of the review and linking it to a research question,
(2) identifying relevant studies and balancing feasibility with
breadth and comprehensiveness, (3) working in a team to
iteratively select studies and extract their data, (4) charting the
extracted data, incorporating a numerical summary, (5) collating,
summarizing, and reporting the results, and (6) consulting the
results regularly with stakeholders throughout regarding
emerging and final results. This protocol is registered and
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available on the JBI website and the Open Science Framework
(OSF) websites. We completed this review as per the published
protocol.
We formed a multidisciplinary committee of experts in public
health, primary health care, AI and data science, knowledge
translation, and implementation science, as well as a patient
partner and an industry partner (with expertise in the AI-health
domain) with whom we consulted during all the steps of the
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scoping review. This helped us to interpret the results. The
screening process is shown in Figure 1. Our review is reported
according to the PRISMA-ScR (Preferred Reporting Items for
Systematic Reviews and Meta-Analysis-Scoping Reviews)
reporting guideline for reporting the study [29] (see Multimedia
Appendix 1). Studies that did not report their study design are
categorized by methodology according to the classification
outlined by the National Institute for Health and Care Excellence
[30].

Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flowchart of the selection procedure. AI: artificial
intelligence.

We used the Prediction Model Risk of Bias Assessment Tool
(PROBAST) tool for assessing the risk of bias, which includes
20 signaling questions to facilitate structured judgment of risk
of bias organized in four domains of potential biases related to
the following: (1) participants (covers potential sources of bias
related to participant selection methods and data sources); (2)
predictor variables (covers potential sources of bias related to
the definition and measurement of predictors evaluated for
inclusion in the model); (3) outcomes (covers potential sources
of bias related to the definition and measurement of the
outcomes predicted by the model); and (4) analyses (covers
potential sources of bias in the statistical analysis methods) [31].
Risk of bias was judged as low, high, or unclear. If one or more
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domains were judged as having high risk of bias, the overall
judgment was “high risk” [31].

Eligibility Criteria
We defined our bibliographic database search strategy for peerreviewed publications in English or French using the Population,
Intervention, Comparison, Outcomes, Setting and Study
(PICOS) design components [32].

Population
Studies about any population that provides health care services,
including nurses, social workers, pharmacists, dietitians, public
health practitioners, physicians, and community-based workers
(an unregulated type of provider) were included, as were those
J Med Internet Res 2021 | vol. 23 | iss. 9 | e29839 | p.1279
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about any populations who receive CBPHC services. We
adhered to the definition of CBPHC provided by the Canadian
Institutes of Health Research (CIHR) (ie, the broad range of
primary prevention measures including public health, and
primary care services within the community, including health
promotion and disease prevention; the diagnosis, treatment, and
management of chronic and episodic illness; rehabilitation
support; and end-of-life care) [4]. Studies that took place in any
CBPHC points of care, including community health centers,
primary care networks, clinics, and outpatient departments of
hospitals, were also included. Studies conducted in emergency
departments were excluded.

Intervention
Only studies that “tested” or “implemented” or “tested and
implemented” AI methods, such as computer heuristics, expert
systems, fuzzy logic, knowledge representation, automated
reasoning, data mining, and machine learning (eg, support vector
machines, neural networks, and Bayesian networks) were
included. Studies related to robot-assisted care were excluded.

Comparison
No inclusion or exclusion criteria were considered.

Outcomes
The primary outcomes of interest were those related to
individuals receiving care (eg, cognitive outcomes, health
outcomes, behavioral outcomes), providers of care (eg, cognitive
outcomes, health outcomes, behavioral outcomes), and health
care systems (eg, process outcomes). Moreover, we analyzed
the outcomes of the AI systems for their accuracy and impact
on the outcomes of care.

Analysis Methods
All study designs using qualitative, quantitative, or mixed
methods were eligible for inclusion. In particular, we included
experimental and quasi-experimental studies (randomized
controlled trials, quasi-randomized controlled trials,
nonrandomized clinical trials, interrupted time series, and
controlled before-and-after studies), and observational (cohort,
case control, cross- sectional, and case series), qualitative
(ethnography, narrative, phenomenological, grounded theory,
and case studies), and mixed methods studies (sequential,
convergent).

Information Sources and Search Criteria
An information specialist with an epidemiologist, an
AI-healthcare researcher, and a family doctor developed a
comprehensive search strategy and Medical Subject Headings
(MeSH) mediated by the National Library of Medicine. The
systematic search was conducted from inception until February
2020 in seven bibliographic databases: Cochrane Library,
MEDLINE, EMBASE, Web of Science, Cumulative Index to
Nursing and Allied Health Literature (CINAHL), ScienceDirect,
and IEEE Xplore. Retrieved records were managed with
EndNote X9.2 (Clarivate) and imported into the DistillerSR
review software (Evidence Partners, Ottawa, ON) to facilitate
the selection process (see Multimedia Appendix 2 for the search
strategies used on each database).
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Study Selection Process
Title and Abstract Screening (Level 1)
Using DistillerSR, two independent reviewers conducted a pilot
screening session using a questionnaire based on our eligibility
criteria to test the screening tool and to reach a common
understanding. Then, the two reviewers independently screened
the titles and abstracts of the remaining records. A third reviewer
resolved disagreements between the two reviewers.

Full-Text Screening (Level 2)
Using DistillerSR and the abovementioned questionnaire, the
same two reviewers independently assessed the full texts
selected at level 1 for their eligibility to be included in the
review. A third reviewer resolved conflicting decisions. For
those references for which we did not have full-text access, we
attempted to obtain access through the interlibrary loan
mechanism at the McGill University Library. Studies that met
the eligibly criteria were included for full data extraction.

Data Collection
We used a data extraction form, approved by our consultative
committee, that we designed based on the Cochrane Effective
Practice and Organisation of Care Review Group (EPOC) data
collection checklist [33]. Specifically, we extracted study
characteristics (eg, design and country of the corresponding
author); population characteristics (eg, number of participants
and type of disease or treatment); intervention characteristics
(eg, AI methods used); and outcome characteristics, including
outcomes related to the patients (eg, cognitive outcomes, health
outcomes, behavioral outcomes), providers of care (eg, cognitive
outcomes, health outcomes, behavioral outcomes), and health
care systems (eg, process outcomes).

Assessment of Risk of Bias in the Included Studies
Two reviewers independently appraised the included studies
using the criteria outlined in PROBAST to evaluate the risk of
bias in each included study that was eligible for evaluation using
PROBAST [31]. A third reviewer verified their appraisals.

Synthesis
We performed a descriptive synthesis [34] to describe the studies
in terms of their population (patient, primary care providers),
interventions (AI systems, evaluated parameters), and outcomes.
The results were arranged according to the PICOS format. The
tools and techniques for developing a preliminary synthesis
included textual descriptions of the studies, grouping and
clustering, and tabulation.

Consultation
Throughout the steps of the review, we regularly updated all
members of the research team and requested their feedback. We
also presented our preliminary results during a workshop at
Université Laval, Québec, Canada, with a multidisciplinary
group of experts (in public health, primary care, AI and data
science, knowledge translation, implementation science, as well
as a patient partner, and an industry partner) and collected their
comments and feedback.
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Patient Involvement

Study Characteristics

Using a patient-centered approach, our team co-developed the
protocol, conducted the review, and reported the results of this
study. We integrated patients’ priorities within our research
questions, search strategy terms, and outcomes of interest. Our
patient partner was involved in each step of the research process,
including the definition of the objectives, main analysis,
descriptive synthesis, interpretation of preliminary and final
results, and dissemination of the results obtained in this study.

Countries and Publication Dates

Results
We identified 16,870 unique records. After screening their titles
and abstracts, 979 studies remained for full-text review.
Ultimately, 90 studies met our inclusion criteria (Figure 1).
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The number of studies published annually has increased
gradually since 1990, especially since 2015. Figure 2 shows the
timeline of the AI-based studies. Moreover, the four countries
publishing a high number of studies are the United States (32/90,
36%), the United Kingdom (15/90, 17%), China (12/90, 13%),
and Australia (6/90, 7%). The remaining are New Zealand (4/90,
5%), Canada (4/90, 5%), Spain (3/90, 3%), India (2/90, 2%),
and the Netherlands (2/90, 2%), followed by Iran, Austria,
Taiwan, Italy, France, Germany, the United Arab Emirates,
Ukraine, Israel, and Cuba publishing 1 study each (1%). North
America accounts for the highest number of studies (37/90,
41%) followed by Europe (25/90, 28%), Asia (18/90, 20%),
and Oceania (10/90, 11%).
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Figure 2. Distribution and timeline showing the publication of studies based on artificial intelligence.

Aims of the Included Studies
The included studies sought to describe and test or implement
either a novel AI model in CBPHC (16/90, 18%) or an
off-the-shelf AI model, which is a modified or improved version
of existing AI models in CBPHC (74/90, 82%).

Conceptual Frameworks
Among the 90 studies, 2 (2%) reported using a sociocognitive
theoretical framework [35,36]. One of these used the I-change
model [35], a model that evolved from several cognitive models,
explores the process of behavioral change and the determinants
that relate to the change, and focuses on individuals’ intentions
for adopting innovations [35,37]. In the first study [35] using
the I-change model, the authors investigated the cognitive
https://www.jmir.org/2021/9/e29839
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determinants associated with Dutch general practitioners’
intention to adopt a smoking cessation expert AI system in their
respective practices and found that workload and time
constraints are important barriers.
The second study used a continuing medical education
framework [38] and compared traditional expert-led training
(control group) with an online multimedia-based training activity
supplemented with an AI-driven simulation feedback system
(treatment group) [36]. Diagnosis accuracy significantly
improved in the treatment group when compared to the control
group, providing evidence supporting the efficacy of AI medical
training methods.
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Time Frame of the Collected Data Sets
Among the included studies, 25% (23/90) used data collected
over a period of 1 year or less, 20% (17/90) used data collected
over a period between 1 and 5 years, 12% (11/20) used data
collected over a period between 5 and 10 years, and 9% (8/90)
used data collected during more than a 10-year period. One
study (1%) used three data sets, collected data from three
different sites with over three different time periods (<1 year,
1-5 years, >10 years) [39]. The remaining studies (30/90, 33%)
did not specify the time frames of their data set collections.

Population Characteristics
Patients
Sample Size
Overall, 88% (79/90) of the included studies reported their
sample size. A total of 21,325,250 patients participated in the
testing, training, or validation of the AI systems.

Abbasgholizadeh Rahimi et al
Sex, Gender, and Age
Among the 79 studies reporting their sample size, 46 (58%)
reported the sex distribution and none of the studies reported
on gender-relevant indicators. Further, 32 (41%) reported the
participants’ mean age and standard deviation. Overall, the mean
age of the participants in these studies was 60.68 (±12.15) years.
Age was reported as a range in 21% (17/79) of the studies
reporting the sample size, and the remaining 38% (30/79) did
not report the age of their participants.
Ethnicity
Among all the included studies, 22% (19/79) reported the
participants’ ethnic origins, which included Caucasian,
Asian-Middle eastern, South Asian, African, American Indian,
Alaskan Native, Hispanic, Pacific Islander, Māori, and mixed
(Table 1).

Table 1. Characteristics of the participants in the included studies (N=90).
Participant characteristics

Value

Patients
Total number

21,325,250

Female

2,087,374

Male

1,814,912

Did not report the sex

17,422,964

Age (years), mean (SD)

60.68 (12.15)

Number of studies reporting the sample size of patients (n)

79

Health care providers
Total number

2,581

Female

467

Male

224

Did not report the sex

1,890

Age (years), mean (SD)

48.50 (7.59)

Number of studies reporting the sample size of health care providers (n)

17

Ethnicities reported for patients (number)
Caucasian

814,467

Asian

8550

African

42,057

American Indian/Alaskan native

13

Hispanic

5066

Mixed ethnicity

11

Unknown

2,241,937

Number of studies reporting patients’ ethnicities (n)

19

Number of studies reporting health care providers ethnicities (n)

0
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Other Sociodemographic Information
Only 27% (25/90) of the included studies reported other
sociodemographic characteristics of their participants.
Socioeconomic status (ie, income level) was the most commonly
reported (12/90, 13%). Other characteristics reported were
educational status, marital status, area of residence, employment
status, smoking status, and insurance status.
Health Care Providers
Among the 90 included studies, 55 (61%) reported the
involvement of primary health care providers. Further, 41 of
these 55 studies (75%), involved general practitioners, 5 (9%)
included nurses, 1 (2%) involved psychiatrists, 1 (2%) involved
occupational therapists, and 1 (2%) involved an integrated care
specialist. Six studies (7%) involved general practitioners
together with other types of health care providers, specifically
nurses (3/55, 5%), physician assistants, (1/55 2%), nurses,
surgeons, and non-surgeon specialists, (1/55, 2%) and
respirologists (1/55; 2%).
Sample Size
Among these 55 studies, 17 (31%) reported the sample size.
The data pertaining to 2581 primary health care providers were
collected in these studies.

Abbasgholizadeh Rahimi et al
Five of these studies (29%) reported the sex distribution and
none reported on gender-relevant indicators. Moreover, 2 (12%)
studies reported the age of the primary health care provider
participants. The mean age and SD obtained in all the studies
for which we collected information is 48.50 (±7.59) years (Table
1).
Sociodemographic Information
Out of 17 studies, only 1 (5%) reported the primary health care
providers’ locations of practice. Among the 120 providers in
this study, 57 providers practiced in rural areas and 63 practiced
in urban areas.

Intervention
AI Methods
Most of the included studies (78/90, 86%), used a single AI
method (non-hybrid) and the remaining 14% (n=12) used hybrid
AI models—meaning that they integrated multiple AI methods.
The most commonly used methods were machine learning (ML)
(41/90, 45%) and natural language processing (NLP), including
applied ML for NLP (24/90, 27%), and expert systems (17/90,
19%). Figure 3 illustrates the number of studies published
according to the type of AI method and year of publication (see
Multimedia Appendices 3 and 4 for details regarding the AI
methods).

Figure 3. Number of studies published according to the artificial intelligence method used and years of publication.
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Performance Measures of AI Interventions
In terms of evaluating the performance of AI models, we
considered the following performance metrices: True positive
(TP), True negative (TN), False positive (FP), False negative
(FN), sensitivity, specificity, precision, F1 score (ie, the
weighted average of precision and recall, and area under the
curve [AUC]). Among the 90 included studies, 31 (34%) did
not report the performance of their models. Among the 59
studies that reported model performance, 13 (22%) used 2 or
more performance measures and the remaining 46 (78%) used
one measure (see Multimedia Appendix 4 for detailed
information on studies’ AI methods used in the included studies
and their performance measures).

Generated Knowledge

Abbasgholizadeh Rahimi et al
Among the 90 included studies, 9 (10%) reported on all three
data sets, 33 (36%) reported on the training and testing data
sets, and 36 (40%) reported on the training and validation data
sets. No descriptions of these data sets were provided in 49
(54%) of the included studies.

Legal Information and Data Privacy
Legal information concerning privacy was mentioned in 4%
(4/90) of the studies in our review. Although health care records
were anonymized to protect participants’ information in all four
of these studies, only one explicitly reported ensuring data
collection, storage, and sharing security. The remining studies
did not report on data privacy and other legal information.

Involvement of Users

Most of the included studies (81/90, 91%) were either diagnosisor prognosis-related or focused on surveillance, and the
remaining involved operational aspects (eg, resource allocation,
system- level decisions) (see Multimedia Appendix 4 for
detailed information).

Development

Health Conditions

Testing and Validation

The majority of the 90 included studies (68/90, 76%)
investigated the use of AI in relation to a specific medical
condition. Conditions studied were vascular diseases including
hypertension, hypercholesteremia, peripheral arterial disease,
and congestive heart failure (10/90, 11%) [40-49]; infectious
diseases including influenza, herpes zoster, tuberculosis, urinary
tract infections, and subcutaneous infections (8/90, 9%) [50-57];
type 2 diabetes (5/90, 6%) [58-62]; respiratory disorders
including chronic obstructive pulmonary disease and asthma
(6/90, 8%) [63-69]; orthopedic disorders including rheumatoid
arthritis, gout, and lower back pain (5/90, 5%) [36,39,70-72];
neurological disorders including stroke, Parkinson disease,
Alzheimer disease [73-75], and cognitive impairments (6/90,
5%) [76,77]; cancer including colorectal cancer, and head and
neck cancer (4/90, 4%) [78-81]; psychological disorders
including depression and schizophrenia (3/90, 3%) [82-84];
diabetic retinopathy (3/90, 3%) [85-87]; suicidal ideations (2/90,
2%) [88,89]; tropical diseases including malaria (2/90, 2%)
[90,91]; renal disorders (2/90, 2%) [92,93]; autism spectrum
disorder (2/90, 2%) [94,95]; venous disorders including deep
vein thrombosis and venous ulcers (2/90, 2%) [96,97]; and other
health conditions (8/90, 8%) [98-105].

Seven out of the 90 (8%) included studies reported information
about those who participated in testing or validating the AI.
This included general practitioners and nurses [86], engineers
[60], general practitioners [51,81], occupational therapists [74],
respirologists [64], and nurses [108].

Data Sets (Training, Testing, and Validation)

The included studies reported the following information
regarding primary health care provider-related benefits of
implementing AI in CBPHC: enhanced interprofessional
communication and quality of primary care delivery, reduced
workload of these providers, and facilitation of referrals and
patient-centered care.

In this section, we briefly explain the training, testing, and
validation of the data sets, and then present our results. The
training data set is the subset of the data that are used to fit in
the initial AI model and to train it. The testing data set is the
subset of the data used to evaluate the model that fits the initial
training data set. The validation data set is a subset of the data
used to conduct an unbiased evaluation of the model that fits
the training data set, while simultaneously optimizing the
model's hyperparameters, namely the parameters whose values
are used to control the learning process [106]. The evaluation
of these parameters is important because it provides information
about the accuracy of predictions made by the AI model, and
the prospective effects of hyperparameter tuning [107].
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Two of the 90 included studies (2%) reported about the AI
developers, all of whom were engineers [60,86]. None of the
studies reported the involvement of the end users, including
health care providers and patients, in the development stage.

Outcomes
Extraction of the data related to the benefits for patients, primary
health care providers, and the health system explained in this
section was conducted according to what the authors of the
included studies clearly reported as specific benefits to each of
these categories.

Potential Benefits for Patients
Included studies reported the following potential benefits of
implementing AI in CBPHC: improvements in treatment
adherence, person-centered care, quality of life, timeliness of
high-risk patient identification, screening speed and
cost-effectiveness, enhanced predictability of morbidities and
risk factors, benefits related to early diagnosis, as well as early
prevention of diseases for the elderly, and facilitated referrals.

Potential Benefits for Primary Health Care Providers

Other benefits included benefits with respect to use of AI as a
reminder system, application of AI tools to inform
commissioning health care priorities, the benefit of an AI system
as a quality improvement intervention by generating warnings
in electronic medical records and analyzing clinical reports,
facilitating monitoring of the diseases, and using AI to reduce
health risks.
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Potential Benefits for the Health Care System

administrative aspects such as legislations and administrative
approvals, as well as challenges with respect to the lack of
digital or computer literacy among the primary health care
providers.

Studies in our review found that AI can play a role in improving
individual patient care and population-based surveillance, can
be beneficial by providing predictions to inform and facilitate
policy makers decisions regarding the effective management
of
hospitals,
benefits
to
community-level
care,
cost-effectiveness, and reducing burden at the system level.

Economic Aspects
Only one study (1%) among the included 90 papers assessed
the cost-effectiveness of the AI system studied. The Predicting
Out-of-Office Blood Pressure in the Clinic [PROOF-BP] system
that the study authors developed for the diagnosis of
hypertension in primary care was found to be cost-effective
compared to conventional blood pressure diagnostic options in
primary care [49].

Challenges of Implementing AI in CBPHC
Our results suggest that challenges of using AI in CBPHC
include complications related to the variability of patient data
as well as barriers to use AI systems or to participate in AI
research owing to the age or cognitive abilities of patients.
With respect to the health care system, our review found
challenges related to how information is recorded (eg, the use
of abbreviations in medical records), poor interprofessional
communication between nurses and physicians, inconsistent
medical tests, and a lack of event recording in cases of
communication failures. The included studies also mentioned
problems with respect to the restricted resources and

In the included studies, other challenges were reported at the
level of the health care system such as the data available for use
with AI as well as challenges at the level of AI itself (eg,
complexity of the system and difficulty in interpretation). The
following were identified as the main barriers regarding the
data: (1) insufficient data to train, test, and validate AI systems,
leading to negative impacts on the robustness of AI models and
the accuracy of their predictions; (2) poor quality data,
inaccuracies in the data, misclassifications, and lack of
representative data; (3) deidentification of protected medical
data; and (4) variability in the data sets and combining different
data sets. Regarding AI, computational complexity and
difficulties in interpreting or explaining some AI model
compositions were among the barriers at the AI level.

Risk of Bias
We identified the studies that were eligible to be evaluated using
PROBAST. Among our included studies, 54% (49/90) were
eligible to be evaluaeted using the PROBAST tool and most
(39/49, 80%) were at high risk of bias according to our
assessment with PROBAST (Figure 4). With respect to risk of
bias for each of the four domains assessed, few studies presented
risks regarding participants, (2/49, 4%), whereas 45% (22/49)
studies exhibited risks of bias regarding outcomes. See
Multimedia Appendices 5 and 6 for details on common causes
of risks in each study).

Figure 4. Risk of bias graph: assessing risk of bias in five categories namely overall, participants, predictors, analysis, and outcome (presented as
percentages).

Discussion
Principal Findings
We conducted a comprehensive systematic scoping review that
included 90 studies on the use of AI systems in CBPHC and
provided a critical appraisal of the current studies in this area.
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Our results highlighted an explosion in the number of studies
since 2015. We observed variabilities in reporting the
participants, type of AI methods, analysis, and outcomes, and
highlighted the large gap in the effective development and
implementation of AI in CBPHC. Our review led us to make
the following main observations.
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AI Models, Their Performance, and Risk of Bias
ML, NLP, and expert systems were the most commonly used
in CBPHC. Convolutional neural networks and abductive
networks were the methods with the highest performance
accuracy within the given data sets for the given task. We
observed that a small number of studies reported on the
development and testing or implementation of a new AI model
in their study, and most of the included studies (74/90, 82%)
reported on the usage and testing or implementation of an
off-the-shelf AI model. Previous work has demonstrated how
off-the-shelf models cannot be directly used in all clinical
applications [109]. We observed a high risk of overall bias in
the diagnosis- and prognosis-related studies. The highest risk
of bias was in the outcome, predictor, and analysis categories
of the included studies; validation of studies (external and
internal) was poorly reported, and calibration was rarely
assessed. A high risk of bias implies that the performance of
these AI models in a new data set might not be as optimal as it
was reported in these studies. Given the high risk of bias
observed in the included studies, AI models used in other
settings (ie, with other data) may not exhibit the same level of
prediction accuracy as observed.

Where to Use AI?
Primary health care providers are more likely to use AI systems
for system-level support in administrative or health care tasks
and for operational aspects, rather than for clinical making
decisions [1]. However, our results show that few AI systems
have been used for these purposes in CBPHC. Rather, the
existing AI systems are mostly diagnosis- or prognosis-related,
and used for disease detection, risk identification, or
surveillance. Further studies in this regard are needed to evaluate
the reason behind this tendency in addition to studies for proving
the efficiency and accuracy of AI models for assisting in clinical
decision making within CBPHC settings. In our review, we
found that only 2 of the 90 studies used a (sociocognitive)
theoretical framework. Future research needs to use knowledge,
attitudes, and behavior theories to expand AI usage for clinical
decision making, and more efforts are required to develop and
validate frameworks guiding effective development and
implementation of AI in CBPHC.

Consideration of Age, Sex, and Gender
Our results show that AI-CBPHC research rarely considers sex,
gender, age, and ethnicity. In general, the effect of age is rarely
investigated in the AI field and ageism is often ignored in the
analysis of discrimination. In health research, AI studies that
have evaluated facial and expression recognition methods
identified bias toward older adults [109]. This bias could
negatively affect the accuracy of the predictions made by AI
systems that are commonly used by health care providers.
Furthermore, sex and gender are sources of variations in clinical
conditions, affecting different aspects including prognosis,
symptomatology manifestation, and treatment effectiveness,
among others [110,111]. Despite this importance, big data
analytics research focusing on health through the sex and gender
lens has shown that current data sets are biased given they are
incomplete with respect to gender-relevant indicators with
https://www.jmir.org/2021/9/e29839
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sex-disaggregated data. Indeed, less than 35% of the indicators
in international databases have full disaggregation with respect
to sex [112]. Our results are consistent with this observation,
as we found just half of the AI-CBPHC research with patient
participants and nearly one-third with health care provider
participants described the sex distribution. Moreover, no
AI-CBPHC research has reported on gender-relevant indicators.
These are important aspects that need to be considered in the
future AI-based CBPHC studies to avoid potential biases in the
AI systems.

Consideration of Ethnicity and Geographical Location
Less than one quarter of included studies have reported patient
participants’ ethnicities, with no discussion on the ethnicities
of participating health care providers. Moreover, for those
studies that reported patient ethnicity, we observed that the
collected data were related to causation populations, thus raising
questions regarding the representativeness of the data set,
leading to biases. Such biases could result in the AI system
making predictions that discriminate against marginalized and
vulnerable patient populations, ultimately leading to undesirable
patient outcomes.
According to our results, most of the AI research in CBPHC
has taken place in North American and Europe-centric settings.
Several factors contribute to ethnoracial biases when using AI,
including not accounting for ethnoracial information, thereby
ignoring the different effects illnesses can have on different
populations [113]. Consequently, studies can yield results with
historical biases as well as biases related to over- or
under-representation of population characteristics in data sets
and in the knowledge, bases used to build AI systems. In turn,
stereotypes and undesirable outcomes may be amplified.
Ensuring ethnic diversity in study populations and accounting
for this diversity in analyses is an imperative for developing AI
systems that result in equitable CBPHC.

Involvement of Users
Despite the many potential benefits of AI to humans, the
development of AI systems is often based on
“technology-centered” design approaches instead of
"human-centered" approaches [114]. Our results indicate that
no AI-CBPHC study has involved any end users in the system
development stage and involving primary health care
professional users during the validation or testing stages has
been rare. This results in AI systems that do not meet the needs
of health care providers and patients; they suffer from poor
usage scenarios and eventually fail during implementation in
clinical practice. A recent assessment of the current
user-centered design methods showed that most of the existing
user-centered design methods were primarily created for non-AI
systems and do not effectively address the unique issues in AI
systems [115]. Further efforts are needed to include health care
providers and patients as users of the developed AI systems in
the design, development, validation, and implementation stages
in CBPHC. Nevertheless, effectively involving these users in
the development, testing, and validation of AI systems remains
a challenge; further studies are required to overcome them.
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Ethical and Legal Aspects
Ethical and legal challenges related to the use of AI in health
care include, but are not limited to, informed consent to use AI,
safety and transparency of personal data, algorithmic fairness,
influenced by the aforementioned biases, liability, data
protection, and data privacy. Our results indicate that ethical
and legal aspects have rarely been addressed in AI-CBPHC
research, except with respect to privacy and data security issues.
There is a need to address all legal and ethical aspects and
considerations within AI-CBPHC studies to facilitate
implementation of AI in CBPHC settings. For instance, to
increase the use of AI systems by CBPHC providers, clarifying
scenarios in which informed consent is required could be useful,
as would clarifying providers’ responsibilities regarding the use
of AI systems. To improve patient outcomes related to AI use
in CBPHC, defining the responsibilities of providers and
researchers regarding the development and implementation of
AI-health literacy programs for patients may be necessary,
together with gaining an understanding of how and when
patients need to be informed about the results that AI systems
yield.

Economic Aspects
AI systems can provide solutions to rising health care costs;
however, only one (1%) AI-CBPHC study has addressed this
issue by conducting a cost-effectiveness analysis of AI use. This
is consistent with other study results showing that the
cost-effectiveness of using AI in health care is rarely and
inadequately reported [116,117]. Thus, further research
analyzing cost-effectiveness is needed for identifying the
economic benefits of AI in CBPHC in terms of treatment, time
and resource management, and mitigation of human error; this
would be valuable as it could influence decisions for or against
implementing AI in CBPHC.

AI in Clinical Practice
Our results show different barriers and facilitators for
implementing AI in clinical practice. Aspects related to the data
were among mostly mentioned ones. For instance, the lack of
high amounts of quality data, specifically when using modern

Abbasgholizadeh Rahimi et al
AI methods (eg, deep learning), is a challenge commonly faced
when developing AI systems for use in CBPHC. The promotion
of AI-driven innovation in any setting, including CBPHC, is
closely linked to data governance, open data directives, and
other data initiatives, as they help to establish trustworthy
mechanisms and services for sharing, reusing, and pooling data
[118] that are required for the development of high-quality
data-driven AI systems.
In addition, some data security and privacy laws can create a
bottleneck, limiting the use of AI systems in CBPHC and the
sharing of health care information that is required for developing
high- performance AI systems. To facilitate the implementation
and adoption of high-quality AI systems in CBPHC and ensuring
benefits to patients, providers and the health care system,
research providing insights for addressing these implementation
challenges is needed.

Limitations of the Study
Our review has some limitations. Firstly, given that we used
the Canadian Institute of Health Research’s definition of
CBPHC to determine our inclusion criteria and given that the
definition of CBPHC differs from one country to another, our
search strategy may not have captured all relevant records.
Secondly, we excluded studies conducted in emergency care
settings. In many countries, emergency departments are the
points of access to community-based care. The European
Commission recently released a legal framework (risk-based
approach) for broad AI governance among EU member states
[118] and categorized emergency care and first aid services as
“high risk.” Requirements of high-quality data, documentation
and traceability, transparency, human oversight, and model
accuracy and robustness are cited as being strictly necessary to
mitigate the risks in these settings [118].

Conclusion
In this systematic scoping review, we have demonstrated the
extent and variety of AI systems being tested and implemented
in CBPHC, critically evaluated these AI systems, showed that
this field is growing exponentially, and exposed knowledge
gaps that remain and that should be prioritized in future studies.
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Abstract
Background: Hemodialysis (HD) therapy is an indispensable tool used in critical care management. Patients undergoing HD
are at risk for intradialytic adverse events, ranging from muscle cramps to cardiac arrest. So far, there is no effective HD
device–integrated algorithm to assist medical staff in response to these adverse events a step earlier during HD.
Objective: We aimed to develop machine learning algorithms to predict intradialytic adverse events in an unbiased manner.
Methods: Three-month dialysis and physiological time-series data were collected from all patients who underwent maintenance
HD therapy at a tertiary care referral center. Dialysis data were collected automatically by HD devices, and physiological data
were recorded by medical staff. Intradialytic adverse events were documented by medical staff according to patient complaints.
Features extracted from the time series data sets by linear and differential analyses were used for machine learning to predict
adverse events during HD.
Results: Time series dialysis data were collected during the 4-hour HD session in 108 patients who underwent maintenance
HD therapy. There were a total of 4221 HD sessions, 406 of which involved at least one intradialytic adverse event. Models were
built by classification algorithms and evaluated by four-fold cross-validation. The developed algorithm predicted overall intradialytic
adverse events, with an area under the curve (AUC) of 0.83, sensitivity of 0.53, and specificity of 0.96. The algorithm also
predicted muscle cramps, with an AUC of 0.85, and blood pressure elevation, with an AUC of 0.93. In addition, the model built
based on ultrafiltration-unrelated features predicted all types of adverse events, with an AUC of 0.81, indicating that
ultrafiltration-unrelated factors also contribute to the onset of adverse events.
Conclusions: Our results demonstrated that algorithms combining linear and differential analyses with two-class classification
machine learning can predict intradialytic adverse events in quasi-real time with high AUCs. Such a methodology implemented
https://www.jmir.org/2021/9/e27098
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with local cloud computation and real-time optimization by personalized HD data could warn clinicians to take timely actions in
advance.
(J Med Internet Res 2021;23(9):e27098) doi:10.2196/27098
KEYWORDS
hemodialysis; intradialytic adverse events; prediction algorithm; machine learning

Introduction
Hemodialysis (HD) therapy has a substantial role in critical care
management [1]. Due to oliguria or even anuria, most patients
with renal failure require fluid removal during HD therapy to
maintain an euvolemic status. The volume-dependent component
of hypertension may be corrected by fluid removal, but the
ultrafiltration process exposes HD patients to the risks of
hemodynamic instability, which may lead to fatal consequences
such as cardiac arrest [2]. Intradialytic hypotension is the most
frequent complication during HD [3-7] and has been identified
as a pivotal cause of reduced HD efficacy [4,8]. Acutely,
intradialytic adverse events can be fatal; chronically, frequent
intradialytic adverse events increase patient morbidity and
long-term all-cause mortality [3,9,10]. Therefore, it is urged to
develop a solution for this unmet medical need.
The Crit-Line (Fresenius Medical Care) monitor is a device
developed to assist with fluid removal during ultrafiltration by
noninvasively monitoring real-time hematocrit, oxygen
saturation, and intradialytic volume status, using an optical
transmission method [11]. Although uncontrolled studies have
suggested that this device reduced intradialytic symptoms [5,12]
and assisted in the assessment of target weight [13,14], an
unblinded randomized controlled trial showed a higher
hospitalization rate in the Crit-Line group than in the control
group [15]. Therefore, novel solutions are urged to solve this
unmet medical need.
Artificial intelligence has been applied to HD patients to assist
clinical practice, including prediction of urea clearance [16-19],
dietary protein intake [17,20], volume status [21],
erythropoiesis-stimulating agent response [22-26], iron
supplement response [22,24], hemoglobin level [27], HD quality
[28-31], mortality [32], etc. Although artificial intelligence has
also been applied to predict intradialytic hypotension risks,
previous studies lack time-series data input [17,33]. Therefore,
we aimed to include time-series data in a machine learning
model to predict intradialytic adverse events. Herein, we
hypothesize that the machine learning method can predict
intradialytic adverse events in an unbiased manner. To solve
this unmet need, we conducted this study.

Methods
Study Protocol and Subjects
This was a retrospective observational study in a single
institution. We reviewed the records of all patients who
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underwent maintenance HD therapy at Changhua Christian
Hospital, a tertiary-care referral center in middle Taiwan,
between August 2017 and October 2017. During this period,
129 patients were eligible for enrollment evaluation, and 108
patients completed the 3-month study. HD sessions were
excluded for the following three reasons: (1) session interruption
due to dialyzer exchange, (2) more than one interruption per
session due to patient urination or defecation, and (3) inability
of patients to freely express their discomfort during the session.
Eventually, a total of 4221 HD sessions from 108 patients were
used to build the model. Each patient received either 39 or 40
HD sessions during the 3-month study period.
The Institutional Review Board of our institution approved all
protocols in April 2017 before the study began, and the protocols
conformed to the ethical guidelines of the Helsinki declaration.
The need for informed consent was waived because of the
retrospective nature of the study.

Dialysis and Physiological Data Collection
Demographic information from medical records, including age,
gender, and years under dialysis treatment, were included for
model building. Dialysis and physiological data of the enrolled
patients during the 4-hour HD session were included in the
study. Physiological data were measured and recorded by
medical staff every 30 to 60 minutes approximately. Dialysis
data were collected from the dialysis machine automatically.
Intradialytic adverse events were documented by medical staff
according to physiological measurements or patient complaints,
as shown in Table 1. The list of HD machine readouts is
presented in Multimedia Appendix 1.
For each HD session i (i=1-4221), the data set HDi consisted
of records {Yj,k, Tk}, where j (range 1-9) is the index for the
dialysis and physiological measurements, and k is the index of
time when a measurement is taking. Yj,k is the value of the
measurement j at time Tk. HDi also included additional
time-invariant patient-specific information Yj (j=10-13),
including age, gender, years under dialysis treatment, and
predialytic weight (Multimedia Appendix 2). According to the
manufacturer default setting, the machine-derived dialysis data
are recorded from the dialysis machine automatically once the
value of venous pressure or transmembranous pressure alters
and becomes different from the last measurement at T=Tk-1.
Therefore, the time interval Tk − Tk-1 between any two
consecutive records may not be equal.
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Table 1. List of intradialytic adverse events.
Adverse event

Episodes, n

Muscle cramps

138

Blood pressure elevation

108

Low blood pressure

64

Miscellaneous

45

Headache

28

Lightheadedness

26

Chest tightness

23

Vascular access thrombosis

23

Cold sweating

22

Nausea/vomiting

12

Fever

10

Tachycardia

10

Dyspnea

8

Hoarseness

8

Chills

5

Leg pain

5

Low back pain

5

Shoulder pain

5

Altered mental status

4

Chest discomfort

3

Numb hands

3

Tinnitus

3

Vascular access occlusion

3

Abdominal pain

2

Hypersomnia

1

Palpitation

1

Pruritus

1

Feature Extraction
To avoid the artifacts at the beginning of the data due to the
different procedures on how the dialysis was set up and started
in each HD session, the first data point Yj,1 at the beginning of
each HD session was excluded if the blood flow rate varied
between T1 and T2. We also excluded the data point Yj,k when
the blood flow rate was equal to or below zero due to dialysis
interruption (dialyzer exchange or patient urination/defecation).
An entire HD session was excluded from the analysis if the
session was interrupted more than once.
In our main analysis, the whole data set {Yj,k, Tk} of an HD
session was included for feature extraction if no adverse event
was registered for the session. On the other hand, for the HD
session with adverse events, only data preceding the first adverse
event were included for feature extraction, meaning the length
of HD was less than 4 hours. Because the time interval between
two adjacent records and the length of HD sessions vary,
https://www.jmir.org/2021/9/e27098
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regression analysis is challenging, and we need to include the
temporal features of the measured variables in the analyses for
classification. To this end, we derived the mean, standard
deviation of the mean, and coefficient of variance, as well as
the slope and R square of linear regression from the dialysis
and physiological measurements {Yj,k, Tk}. We also derived
the maximum, minimum, and mean of change rate (the
first-order derivative), as well as the second-order derivative of
venous pressure and transmembranous pressure as features for
analysis. A total of 84 features {Xh} (h=1-84), including those
from the raw measurements {Yj,k, Tk} and those derived from
the temporal aspect of the data as described above, were
extracted for each HD session (Multimedia Appendix 3). Feature
extraction of data sets was performed using the AWK program
(source code available in the format of .awk; Multimedia
Appendix 4).
As aforementioned, the dialysis data set {Yj,k, Tk} is recorded
once the values of venous pressure or transmembranous pressure
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change. Therefore, the value of any measurement at the time
Tp between two measured time stamps, Tk and Tk-1, can be
assigned as {Yj,k, Tp} = {Yj,k, Tk-1}. Thus, feature extraction of
the data in an HD session could be terminated at an arbitrary
time (Tp).

Outcome Labeling for Model Building

Liu et al
at the beginning of the study. The mean age was 63.6 years, 60
(56%) patients were male, and the mean duration on dialysis
was 7.7 years. A total of 47 (44%) patients had diabetes mellitus,
69 (64%) patients had hypertension, 11 (10%) patients had
coronary artery disease, 12 (11%) patients had congestive heart
failure, 7 (7%) patients had a history of stroke, and 2 (2%)
patients had malignancy.

For outcome labeling, the HD sessions with one or more than
one adverse event were labeled as 1, and HD sessions with no
adverse event were labeled as 0. We also randomly relabeled
4221 HD sessions regardless of their true outcome as a negative
control set while kept the same 0 to 1 ratio as the experimental
set. A two-class classification model was built and evaluated
by four-fold cross-validation using Azure (Microsoft Inc). At
least three repeats were performed by introducing different
random numbers for each model building.

The list of intradialytic adverse events and the number of
occurrences are shown in Table 1. Four HD sessions had more
than three intradialytic adverse events, 19 HD sessions had three
adverse events, 106 HD sessions had two adverse events, and
276 HD sessions had a single adverse event. Altogether, there
were 406 HD sessions with adverse events out of 4221 total
HD sessions (Multimedia Appendix 7).

Selection for Top Performance Features

To increase the outcome 1 to 0 ratios, wherein the session with
an adverse event is labeled as 1 and the session without an
adverse event is labeled as 0, we categorized the 27 adverse
events listed in Table 1 into three groups. The first group was
total events but excluded events of blood pressure elevation,
vascular access occlusion, and vascular access thrombosis. A
total of 323 HD sessions belonged to adverse event group 1.
The second group included muscle cramps, and there were 138
HD sessions in this group. The third group included blood
pressure elevation, and there were 108 HD sessions in this
group.

To pinpoint which features are more important than others in
predicting HD adverse events, we also selected and used key
features for model building and compared the results with that
by a total of 84 features. The selection of key features was
performed using MATLAB (MATrixLABoratory, MathWorks
Inc) (source code available in the format of .m; Multimedia
Appendix 5). A two-class classification model was built using
ensemble random undersampling boosted trees by four-fold
cross-validation. The score was given by summing up the
percentages of true positives and true negatives.
The key feature selection process started with selecting the top
feature according to the scores obtained from the model using
a single feature from the 84 features once at a time. Next, the
top two-feature combinations were selected from the two-feature
combination pool, which was established by combining the top
feature from the last step with each of the remaining 83 features.
The two-feature combinations that resulted in scores higher
than that of the top feature from the last step were kept for the
next step. Likewise, the top three-feature combinations could
be selected from the pool established by combining the top
two-feature combinations with each of the remaining 82 features
when the three-feature combinations scored higher than the
two-feature combinations. We repeated this procedure until the
top 20-feature combinations were selected. Features that most
frequently appeared in these 20-feature combinations were
defined as key features.

Ethics Approval and Consent to Participate
This study was approved by the Institutional Review Board of
National Yang-Ming University (N_105_0132) and the
Institutional Review Board of Changhua Christian Hospital
(CCH IRB No. 161005).

Performance of the Model for Prediction

Group 1: All Events Except Blood Pressure Elevation
A two-class averaged perceptron was used for model building
with a learning rate of 20 and maximal iterations of 20. For the
84-feature model, the mean area under the curve (AUC) was
0.83 (SD 0.03), with an F1 score of 0.53, sensitivity of 0.53,
and specificity of 0.96 (Figure 1A and 1B curve a). Compared
with the negative control, (mean AUC=0.50, SD 0.04; F1=0.15;
Figure 1A curve b), the 84-feature model of the two-class
averaged perceptron could predict adverse events plausibly.
Other algorithms were also tested for the prediction. The mean
AUC obtained by two-class support vector machines (SVM)
was 0.83 (SD 0.02), with an F1 score of 0.55, sensitivity of
0.53, and specificity of 0.96. The results were similar to those
obtained by the averaged perceptron. Compared to averaged
perceptron and SVM algorithms, two-class logistic regression
and decision forest did not predict the adverse events well. The
mean AUC obtained by logistic regression was 0.82 (SD 0.02),
with an F1 score of 0.48, and the mean AUC obtained by
decision forest was 0.83 (SD 0.02), with an F1 score of 0.46.
Additionally, intrapatient partition and interpatient partition for
sampling did not show significant difference in prediction (mean
AUC=0.83, SD 0.03; mean F1=0.53, SD 0.02 vs mean
AUC=0.82, SD 0.04; mean F1=0.50, SD 0.06).

Results
Demographic Characteristics of the Study Participants
As of November 2017, we enrolled 108 patients. Multimedia
Appendix 6 shows the baseline characteristics of the 108 patients
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Figure 1. Prediction of all intradialytic adverse events except blood pressure elevation. (A) Machine learning performance represented by receiver
operating characteristic (ROC) curves from 84 features (curve a, red), the top 21 features (curve c, green), all features but excluding ultrafiltration-related
features (curve d, blue), and the negative control (curve b, black). Each ROC curve shown here is the average of 12 simulated ROC curves. (B). Machine
learning performance represented by ROC curves is obtained from ultrafiltration-related features (curves e, f, g, h, i, j, and k) and from 84 features
(curve a, black). (C) Area under the curve (AUC) and F1 scores from different feature combinations for predicting all intradialytic adverse events. UF:
ultrafiltration.

Ultrafiltration rate and ultrafiltration volume are important
parameters for HD. However, our models indicated that
employing a single feature, such as the maximal value of
ultrafiltration volume (feature 78) or the mean value of
ultrafiltration rate changes (feature 77), cannot predict adverse
events properly (Figure 1B curves j and k). The model built by
the maximal value of ultrafiltration volume, defined as the
ultrafiltration volume recorded at the last time point, had an
AUC of 0.48 and F1 score of 0.15, which were similar to the
results of the negative control. On the other hand, the model
built by the mean value of ultrafiltration rate changes during
HD sessions had an AUC of 0.70 and F1 score of 0.28.
Combining two ultrafiltration-related features also failed to
predict adverse events (Figure 1B curve h). After up to six
ultrafiltration volume-related features (features 78-83) were
used for prediction, the AUC increased from 0.48 to 0.82, and
the F1 score increased from 0.15 to 0.46 (Figure 1B curve f).
The model with 14 ultrafiltration features (features 70-83) had
an AUC of 0.83 and F1 score of 0.52 (Figure 1B curve e).
Next, the 21 features that most frequently appeared in the
20-feature combinations were selected for the evaluation. The
two-class averaged perceptron model based on these top 21
performance features but skipping ultrafiltration-related features
showed a mean AUC of 0.82 (SD 0.02) and F1 score of 0.45
(Figure 1A curve c). The increase of one or two features did
not enhance the prediction significantly (23 top features model:
https://www.jmir.org/2021/9/e27098
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mean AUC=0.82, SD 0.02; F1=0.46). Compared with the model
based on all features but excluding ultrafiltration-related features
(AUC=0.81; F1=0.45; Figure 1A curve d; 70 features), the
results of the 21 top features model (without
ultrafiltration-related features) demonstrated that a quarter of
the total 84 features was sufficient to predict adverse events.
The 21 features were age, maximum transmembranous pressure,
minimum systolic blood pressure (SBP), minimum diastolic
blood pressure (DBP), minimum pulse pressure, minimum blood
flow rate, mean SBP, mean venous pressure, mean
transmembranous pressure, slope of linear regression of SBP,
slope of linear regression of DBP, slope of linear regression of
pulse pressure, slope of linear regression of pulse rate, slope of
linear regression of transmembranous pressure, standard
deviation of the mean of blood flow rate, R-squared of linear
regression of pulse pressure, and related parameters to the
second-order derivative of venous pressure (features 2, 5, 6, 8,
11, 14, 17, 20, 21, 26, 29, 31, 36, 47-52, 57, and 59) (Multimedia
Appendix 3).

Group 2: Muscle Cramps
The model, which was based on 14 ultrafiltration-related
features, had a mean AUC of 0.85 (SD 0.04) and F1 score of
0.45 (Figure 2 curve d) for predicting the occurrence of muscle
cramps, and the result is similar to that of the 84-feature model
(mean AUC=0.83, SD 0.04; F1=0.42; Figure 2 curve a) and
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better than that of the model built based on all features but
excluding ultrafiltration-related features (mean AUC=0.79, SD
0.04; F1=0.30; Figure 2 curve c). However, a single
ultrafiltration-related feature cannot predict cramps properly
(Figure 2 curves i and k). The combination of two

Liu et al
ultrafiltration-related features also failed to predict muscle
cramps (AUC=0.79 and F1=0.29 for features 70 and 77;
AUC=0.84 and F1=0.37 for features 78 and 83). Our results
demonstrated that ultrafiltration-related features contribute more
than other features to the prediction of muscle cramps.

Figure 2. Prediction of a specific intradialytic adverse event: muscle cramps. (A) Machine learning performance is represented by receiver operating
characteristic (ROC) curves from 84 features (curve a, red), all features but excluding ultrafiltration-related features (curve c, orange dot),
ultrafiltration-related features (curves d, e, f, i, k), and the negative control (curve b, black). (B) Area under the curve (AUC) and F1 scores from different
feature combinations for predicting muscle cramps. UF: ultrafiltration.

Group 3: Blood Pressure Elevation
The model, which was based on a total of 84 features, had a
mean AUC of 0.93 (SD 0.02) and F1 score of 0.41 for predicting
the occurrence of hypertension (Figure 3 curve a). Compared
with the model built based on 14 ultrafiltration-related features
(AUC=0.72; F1=0.22; Figure 3 curve c), our results
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demonstrated that ultrafiltration parameters did not play
important roles in predicting intradialytic hypertension. Even
though the model based on 24 blood pressure–related features
had an AUC higher than 0.9 (AUC=0.92, SD 0.03; F1=0.38;
Figure 3 curve d), features other than blood pressure can further
contribute to an additional improvement in the F1 score.
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Figure 3. Prediction of a specific intradialytic adverse event: blood pressure elevation. (A) Machine learning performance represented by receiver
operating characteristic (ROC) curves from 84 features (curve a, red), blood pressure-related features (curve d, green), ultrafiltration-related features
(curve c, blue), and the negative control (curve b, black). (B) Area under the curve (AUC) and F1 scores from different feature combinations for predicting
blood pressure elevation. UF: ultrafiltration.

Consistency of the Predicted Probabilities of Adverse
Events Over Time
As shown in Figure 1, the time series features were collected
throughout the HD session, from the beginning of HD to the
time point right before the index adverse event or right before
the end of the HD session, which has no adverse event. In this
case, we defined the end of feature collection as 0 minutes if
this ending time point was right before the occurrence of the
index adverse event. In addition to 0 minutes, we also set the
cutoff ending time points of feature collection as 5, 10, 15, 20,
and 60 minutes before the occurrence of the adverse event to
evaluate the prediction accuracy. Machine learning for
predicting all intradialytic adverse events, except blood pressure
elevation, showed that features of the 0-minute cutoff led to the
best AUC and F1 score (AUC=0.83; F1=0.53) compared to
those learned from the features of earlier cutoff time points
(Figure 4A and 4B), even though AUC scores from the features
of the cutoff ending time points 5, 10, 15, and 20 minutes before
the index adverse event or before the end of HD sessions without
an adverse event were about 0.80 and their F1 scores were all
lower than 0.5. The results suggest that while the information
embedded in the 20-minute time window before the index
adverse event is valuable, the information embedded in the
5-minute time window before the index adverse event is more
influential for event prediction.
To further understand the cutoff ending time point dependence
of prediction accuracy, 500 HD sessions were randomly selected
to compare the prediction probabilities of adverse events
obtained from 84 features with cutoff ending time points of 0,
5, 10, 15, and 20 minutes before the index adverse event. As
shown in Figure 4C (red circles), five HD sessions possessed
strong consistency in the predicted probabilities of adverse
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events using extracted features based on different cutoff ending
time points, and adverse events indeed occurred in these five
HD sessions. Since there should be approximately 40 HD
sessions developing adverse events among 500 randomly
selected HD sessions, the results suggest that at least one-tenth
of HD sessions with adverse events can be sighted as early as
20 minutes in advance and can be further confirmed by real-time
machine learning using features from subsequent cutoff ending
time points (Figure 4C).
Even though none of the 84 features contained explicit time
series information, the linear and differential analyses that
feature extraction employed may be affected by the length of
HD sessions. Therefore, we truncated the HD sessions with no
adverse events (negative ones) and compared the prediction
results with those from the untruncated ones. Since the average
length of HD sessions with adverse events (positive ones) was
3.3 hours, negative HD sessions were truncated and randomly
assigned endpoints (Tend) between 3 and 3.5 hours, yet the
endpoints of positive ones remained unchanged. The data set
{Yj,k, Tk} at endpoint Tend was defined according to the same
method used for {Yj,k, Tk} at arbitrary time Tp. Regarding the
results, the mean AUC was 0.89 (SD 0.019), F1 score was 0.55,
sensitivity was 0.52, and specificity was 0.97. Alternately, the
AUC was 0.86 with an F1 score of 0.55 when the endpoints
were assigned exactly at 3.3 hours. Compared to the original
results obtained from the untruncated negative HD sessions
with a duration of about 4 hours (AUC=0.83, F1=0.53,
sensitivity=0.53, and specificity=0.96), the prediction results
were better when the endpoints were set earlier. Indeed, the
AUC was 0.92, with an F1 score of 0.62, sensitivity of 0.61,
and specificity of 0.98, when the endpoints were randomly
assigned between 2.5 and 3.5 hours for negative HD sessions.
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Figure 4. Prediction performance for group 1 intradialytic adverse events using the features of different cutoff ending time points. (A) Machine learning
performance represented by receiver operating characteristic (ROC) curves from 84 features extracted from [Yj, Tk]HD terminated at different cutoff
ending time points as follows: one time point before an adverse event (noted as 0 minutes), and 5, 10, 15, 20, and 60 minutes before an adverse event
or before the end of the hemodialysis (HD) session if no adverse event. (B) Area under the curve (AUC) and F1 scores. (C) Probability of adverse event
occurrence in 500 randomly selected HD sessions. The red circle indicates the HD session with adverse events, and the predicted probabilities of adverse
events are all higher than 0.8 independent of the cutoff ending time point.

Discussion
Contributions and Principal Findings
Our findings indicate that algorithms combining linear and
differential analyses with two-class classification machine
learning predict intradialytic adverse events with high AUCs.
We attempted to identify features that contribute the most to
predicting all adverse events, except hypertension, (group 1)
from a total of 84 features extracted from [Yj, Tk]HD. Among
the top 23 features, only feature 76 and feature 82 were related
to ultrafiltration (the number of times that the ultrafiltration rate
changes and the linear regression slope of ultrafiltration volume).
After excluding these two ultrafiltration-related features, we
found that the remaining 21 features were sufficient for accurate
prediction with good discriminating power, with a slight
reduction in the AUC from 0.83 (84 features) to 0.82 (21
features). The model built by 14 ultrafiltration-related features
also had a good AUC of 0.83. Therefore, instead of including
all 84 features for model building, selecting the top 21
ultrafiltration-unrelated features or integrating a total of 14
ultrafiltration-related features can reduce computing load. Our
results also suggest that these two clusters of features (Figure
1A curve c and Figure 1B curve e) may embed similar factors
contributing to the onset of adverse events.
In our study, muscle cramp was an adverse event that occurred
most frequently during HD treatment. A muscle cramp is a
common adverse event that happens during HD therapy, with
a prevalence of 28% among all HD sessions [5,34]. Muscle
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cramps result from ischemia of the skeletal muscle tissue,
indicating an early sign of hypotension, and it may lead to
premature discontinuation of HD sessions [35,36]. Tissue
ischemia during HD is positively related to the ultrafiltration
rate [5,37,38]. Indeed, the model built by 14
ultrafiltration-related features had an AUC of 0.85 for predicting
the occurrence of muscle cramps in this study. We excluded all
ultrafiltration-related features to test the prediction accuracy,
including ultrafiltration rate and ultrafiltration volume, and the
AUC reduced from 0.82 (84 features) to 0.79 (70 features),
indicating that ultrafiltration-related features are important but
not necessarily required to predict muscle cramps. The results
from machine learning revealed that ultrafiltration-independent
features contribute to predicting intradialytic muscle cramps as
well.
In general, symptomatic hypotension occurs in 20% to 30% of
dialysis sessions [6,39-43]. There are two major
pathophysiological mechanisms of intradialytic hypotension.
First, when plasma fluid removal through ultrafiltration exceeds
the rate of plasma refilling into the blood vessels, blood volume
reduces [5]. In the meantime, if the cardiovascular and
neurohormone systems fail to compensate for the acute vascular
volume depletion during ultrafiltration, hypotension occurs
[3,44-47]. Frequent episodes of intradialytic hypotension may
cause reduced ultrafiltration, inadequate “dry weight,” increased
preload, and impaired heart function that eventually leads to
more episodes of hypotension, thus creating a vicious cycle.
Meanwhile, frequent intradialytic hypotension disrupts dialysis
efficiency and efficacy. It is associated with higher morbidity
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and mortality [48-51], which partly contributes to the fact that
cardiovascular disease is the leading cause of morbidity and
mortality in HD patients [52]. Lin et al recently developed an
intelligent system to predict intradialytic hypotension [53].
However, our prediction models not only further precluded
ultrafiltration-related features but also examined overall
intradialytic adverse events instead of only focusing on the
hypotensive episode.
As shown in Multimedia Appendix 8, the top 16 features that
majorly contributed to predicting muscle cramps included patient
characteristics, venous pressure, transmembranous pressure,
ultrafiltration, blood flow rate, and pulse pressure. The minimal
value of venous pressure and the mean value of
transmembranous pressure were features that had the most hits
(20 and 17 hits, respectively). These top two features for
predicting muscle cramps were derived from dialysis machine
output parameters, indicating that there is a potential to integrate
our algorithm into the dialysis machine software to alert
clinicians and to adjust dialysis machine settings in advance.
Nevertheless, unlike prediction of all adverse events, for which
only two out of the top 23 features were related to ultrafiltration,
eight out of the top 16 features were related to ultrafiltration in
terms of predicting muscle cramps, indicating that
ultrafiltration-related parameters are important factors of muscle
cramps.
Compared with several two-class classification modules, such
as Bayes point machine, boosted decision tree, and SVM,
models built by two-class average perceptron had the best AUC
and F1 score. We also built models by deep learning (data not
shown), but the results from deep learning did not show a good
AUC and F1 score, possibly due to the limited number of our
HD data sets. As clinicians are now facing the new era of
artificial intelligence [54], the integration of computer science
and dialysis medicine could be regarded as the first step to
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improve HD patients’ care quality comprehensively. Our study
demonstrated the feasibility of this integration. Even though
the limited number of data sets and imbalanced data outcomes
in our research hinder better prediction accuracy, it is anticipated
that increased data sets will further improve the AUC and F1
score. Moreover, integrating machine learning with the dialysis
machine and modifying algorithms in real-time by cloud
computing with accumulation of data sets could enhance
prediction performance.
Several questions may be answered if the size of the HD data
set is expanded in future studies. First, how early can we predict
adverse events? The consistency in the predicted probabilities
of adverse events using features based on different cutoff ending
time points could detect about one-tenth of HD sessions with
adverse events (Figure 4). We anticipate that an increase in the
number of HD sessions with adverse events for model training
can improve imbalanced data and possibly bring forward the
timing for the alert. Second, since most of the adverse events
took place in second-half HD sessions, whether the data sets of
second-half HD sessions are sufficient for prediction can be
further studied. Finally, if more HD sessions with adverse events
are recruited, we can build models for different adverse events
instead of grouping the events to reduce imbalanced data
outcomes.

Conclusion
In this study, a model of two-class classification was established
to predict intradialytic adverse events in quasi-real time, with
AUCs higher than 0.8. The consistency in the predicted
probabilities of adverse events obtained from the features
extracted in the ongoing HD process in real time could have
the HD session tagged for forthcoming adverse events. Such a
methodology implemented with local cloud computation could
warn clinicians to take necessary actions and adjust the HD
machine settings in advance.
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Abstract
Background: In-hospital cardiac arrest (IHCA) is associated with high mortality and health care costs in the recovery phase.
Predicting adverse outcome events, including readmission, improves the chance for appropriate interventions and reduces health
care costs. However, studies related to the early prediction of adverse events of IHCA survivors are rare. Therefore, we used a
deep learning model for prediction in this study.
Objective: This study aimed to demonstrate that with the proper data set and learning strategies, we can predict the 30-day
mortality and readmission of IHCA survivors based on their historical claims.
Methods: National Health Insurance Research Database claims data, including 168,693 patients who had experienced IHCA
at least once and 1,569,478 clinical records, were obtained to generate a data set for outcome prediction. We predicted the 30-day
mortality/readmission after each current record (ALL-mortality/ALL-readmission) and 30-day mortality/readmission after IHCA
(cardiac arrest [CA]-mortality/CA-readmission). We developed a hierarchical vectorizer (HVec) deep learning model to extract
patients’ information and predict mortality and readmission. To embed the textual medical concepts of the clinical records into
our deep learning model, we used Text2Node to compute the distributed representations of all medical concept codes as a
128-dimensional vector. Along with the patient’s demographic information, our novel HVec model generated embedding vectors
to hierarchically describe the health status at the record-level and patient-level. Multitask learning involving two main tasks and
auxiliary tasks was proposed. As CA-mortality and CA-readmission were rare, person upsampling of patients with CA and
weighting of CA records were used to improve prediction performance.
Results: With the multitask learning setting in the model learning process, we achieved an area under the receiver operating
characteristic of 0.752 for CA-mortality, 0.711 for ALL-mortality, 0.852 for CA-readmission, and 0.889 for ALL-readmission.
The area under the receiver operating characteristic was improved to 0.808 for CA-mortality and 0.862 for CA-readmission after
solving the extremely imbalanced issue for CA-mortality/CA-readmission by upsampling and weighting.
Conclusions: This study demonstrated the potential of predicting future outcomes for IHCA survivors by machine learning.
The results showed that our proposed approach could effectively alleviate data imbalance problems and train a better model for
outcome prediction.
(J Med Internet Res 2021;23(9):e27798) doi:10.2196/27798
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Introduction
Background
In the United States, approximately 209,000 patients experience
in-hospital cardiac arrest (IHCA) each year [1]. The rate of
survival to hospital discharge is around 14%, and only 7% of
IHCA patients could regain an independent life or a partially
independent life [2]. In order to reduce the severe effect of IHCA
on personal life or society, identifying measures to improve
IHCA outcomes is crucial.

Prior Work
Prognostic factors and prediction tools for survivors of IHCA
and their neurologic outcomes have been identified in previous
studies [3-8]. However, the evidence of an early warning system
for predicting the mortality of IHCA survivors is limited.
Current early warning scoring systems using physiologic
track-and-trigger systems (TTSs) have been developed for
identifying patients at risk for IHCA or other serious outcomes
including mortality [9-11]. Most of TTSs rely on the routine
observations of vital signs carried out by ward staff. Although
many patients could be monitored with this approach, the quality
of evidence underpinning the use of TTSs is poor. Specifically,
most TTSs have low sensitivity, low positive predictive values,
and high speciﬁcity [12,13]. In addition to the high mortality
after IHCA, readmission after IHCA has a significant cost
burden and is associated with comorbidities. Predicting
readmission events provides the chance for appropriate
interventions and reducing health care costs, including further
readmission [14,15].

Our Study
Here, we first extracted the IHCA cohort from the National
Health Insurance Research Database (NHIRD). We assessed
their risk based on historical electronic health records (EHRs)
in the NHIRD. To provide a long enough window for clinical
intervention, we used the 30-day mortality and readmission
after IHCA as our prediction targets. In contrast to TTSs, EHRs
are prepared by physicians, and they contain several important
medical information, including the diagnosis and management
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of patients. To achieve a better performance, we developed a
novel deep learning model, hierarchical vectorizer (HVec), to
analyze the patients’ historical EHRs and predict mortality and
readmission. This study aimed to demonstrate that with the
proper data set and learning strategies, we can predict the
outcome of IHCA patients based on their historical claims and
help clinicians design more effective intervention programs.

Methods
Data Collection
This study was approved by the Institutional Review Board of
National Taiwan University Medical College. The IHCA cohort
extracted from the NHIRD consisted of 168,693 patients who
had at least one IHCA event over 9 years (between January 1,
2002, and December 31, 2010). The Taiwan National Health
Insurance program is the only health insurance scheme in
Taiwan and covers up to 99.99% of Taiwan’s population [16].
The NHIRD contains all health records in inpatient and
outpatient settings (clinic or emergency department); however,
the records cannot be specifically linked to each patient.
International Classification of Disease, 9th Revision (ICD-9)
was used during the study period for diagnosis and medical
procedures. The NHIRD contains medical information, including
gender, age, diagnosis, medical procedure, operation,
medication, laboratory test, care site, discharge status, and cost
of each hospital visit. Laboratory test results and bedside
information, including vital signs, blood pressure, and physical
examination, are not included in the NHIRD.
The IHCA population was defined by inpatient records with
the ICD-9 procedure codes 99.60 (cardiopulmonary
resuscitation, not otherwise specified) and 99.63 (closed-chest
cardiac massage) [17]. We used the extract, transform, and load
(ETL, see Figure 1) procedure to process raw data into a clean
database by eliminating records with missing or invalid
information. Raw data in the cleaned database were re-grouped
into three major categories (insurer, person, and caregiver) to
improve data organization. In addition, vocabulary tables were
constructed based on extracted concepts that were used in the
raw data.
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Figure 1. ETL process for converting raw NHIRD data into the data set. The raw data are extracted, transformed, and loaded into the cleaned database
after cohort selection and eliminating the invalid data. ETL: extract, transform, load; ICD: International Classification of Disease; NHIRD: National
Health Insurance Research Database.

Experimental Data Set
The 168,693 patients in the data set were split into three data
sets: train, validation, and test. The training data set (70% of
the data set) was used to train each model. The remaining 30%
of patients were split between the validation and test data set
evenly to tune the hyperparameters (Table 1) and evaluate model
performance, respectively.

For comparison, we trained two single-task models for both
mortality and readmission. Person upsampling and event
weighting were only performed on the training data set so as
not to affect the distribution of the validation and test data set.
The F1 score and area under the receiver operating characteristic
(AUROC) were our main evaluation metrics.

Table 1. Hyperparameter settings.

a

Hyperparameter

Value

Visit embed size

200

RNNa output size

128

Learning rate

1e-3

Dropout rate

0.5

l2_weights

0.01

Code embed size

128

RNN: recurrent neural network.

Input Features
In the retrospective review of the data set, each person may
have multiple clinical records (inpatient/outpatient visit) to the
hospital within a 9-year period. Each clinical record was set as
a unit of analysis. For each clinical record, information was
extracted and grouped into input and target features (see Tables
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2 and 3). The input features consisted of five major groups
described as follows:
1.

Medical records consisted of five types of codes, and all
codes in the clinical records were mapped to over 400,000
clinical concepts. The health status of the patient in the
current record can be determined from this group.
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2.
3.
4.

Demographics included the age, gender, and information
of the targeted patients.
Care site information included information of the clinical
institution where the patient received treatment.
Record statistics provided information on the length (by
day) of the record, the number of codes in each International
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5.

Classification of Disease (ICD) code category, and the total
monetary cost involved. This could help the model estimate
the severity of the patient’s disease at the record level.
Historical information described previous hospital stays
and admissions. It was used to estimate the overall health
status of the patient in our model.

Table 2. Summary of the input features of the model.
Group and feature name

Feature description

Dimension

Diagnosis

Diagnosis codes from the health record

128

Procedures

Procedure codes from the health record

128

Meds

Medication codes from the health record

128

Tests

Lab test codes from the health record

128

Other

Other codes from the health record

128

Claim type

Inpatient or outpatient

2

Age

Age at the event

1

Gender

Male or female

2

Care site type

Type of site (public, corporate, or private)

21

Care site specialization

Medical center, community hospital, district hospital, regional hospital, or clinic

5

Care site rank

Rank of the care site

17

Hospital stay

Duration of current hospital stay

1

Total cost

Monetary cost of each of the five ICDa codes

5

Total count

Counts of each of the five ICD codes

5

Past hospitalization duration

The number of days a person spends in the hospital within 3, 6, 12, and 24 months

4

Past admission count

The number of times a person is admitted to the hospital within 3, 6, 12, and 24 months

4

Medical records

Demographics

Care site information

Record statistics

Historical information

a

ICD: International Classification of Disease.

Table 3. Summary of the prediction targets.
Group and feature name

Feature description

Dimension

Mortality

Whether this event would lead to another mortality event in (within 1 to 30) days

1

Readmission

Whether this event would lead to another readmission event in (within 1 to 30) days

1

Main target

Targets
A threshold of 30 days was set to predict whether a person
would die or readmit within 30 days. Mortality was defined
when the patient had an inpatient or outpatient record of
mortality or was discharged under critical condition following
IHCA. For readmission, whether the patient is readmitted within
1 to 30 days from hospital discharge was predicted. In contrast
to other mortality studies, records with mortality (0-day
mortality record) were excluded in our study. The main purpose
of this strategy was to reduce the “leakage” of features in these
https://www.jmir.org/2021/9/e27798
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records. Our initial results showed that the features of mortality
records usually contain information (eg, respiratory failure)
explicitly indicating patient mortality. Indeed, these features
are significant factors for predicting mortality. However, such
cases are not beneficial to our model as the severe condition of
these patients makes it hard to treat them with any intervention.
Moreover, the high degree of correlation of these features and
mortality would cause the model to rely on them and
underestimate other potential predictive factors. In order to
avoid leakage and let the model focus on other predictive factors,
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mortality records were set as the negative class, and previous
records of mortality (within 30 days) were the positive class.
In clinical practice, the 30-day outcomes of patients after IHCA
and discharge from hospitalization are of great interest. The
30-day mortality or readmission after cardiac arrest (CA;

Chi et al
CA-mortality/CA-readmission) is a subset of 30-day mortality
or readmission. In the rest of the paper, ALL-mortality/
ALL-readmission will be used to represent the 30-day mortality
or readmission for all records. CA-mortality/CA-readmission
refers to the 30-day mortality or readmission following CA
(Figure 2).

Figure 2. ALL/CA-mortality and ALL/CA-readmission. 3 scenarios of 30-days mortality & readmission after cardiac arrest. Events in red are the
outcomes we want to predict. ALL-mortality: 30-day mortality after all records; ALL-readmission: 30-day readmission after all records; CA: cardiac
arrest; CA-mortality: 30-day mortality after cardiac arrest records; CA-readmission: 30-day readmission after cardiac arrest records.

ALL-mortality/ALL-readmission is more common than
CA-mortality/CA-readmission as most people would not survive
after the first CA event. This means that when we want to predict
the future outcome of a recovered CA patient, we do not have
enough positive cases for analysis.

Hierarchical Vectorizer (HVec)
Each record was constructed into a 707-dimension vector for
further training. Based on Table 1, all features except for ICD
code features (textual features) can be vectorized with one-hot
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encoding. The features of ICD codes were extracted directly
from the health record. A medical knowledge embedding system
called Text2Node was used to embed the textual features into
vectors [18]. Each of the five categories of ICD codes could
contain many ICD codes from a single record, and all codes
were added together as a single code for a given category (see
Figure 3 as an example). Trained from a substantial medical
knowledge database, Text2Node can effectively transform the
textual medical concepts into a latent space while preserving
the relationship of similar concepts.
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Figure 3. Example of Text2Node embedding [18] and code embedding for diagnosis codes in a clinical record. Dim: dimension; ICD: International
Classification of Disease.

For each clinical record, by concatenating all feature vectors
into group vectors hierarchically (see Figure 4), the clinical
record vector was obtained. After sorting each clinical record

vector according to the date, time series techniques were used
to train a model to predict the outcomes of each record.

Figure 4. Feature concatenation to generate clinical record vectors for time series analysis. ICD: International Classification of Disease; Vec: vector.

Model Architecture
Deep recurrent neural networks (RNNs) have been proven to
be a powerful tool for predicting time series data. In clinical
research, the use of RNNs, especially long short-term memory
(LSTM), for clinical prediction has been widely investigated
[19-21]. Inspired by Choi’s work [19], we proposed an HVec
model using LSTM networks (Figure 5). In this framework, the
https://www.jmir.org/2021/9/e27798
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record encoder was a fully-connected layer that generated the
record embedding for each clinical record independently. The
record embedding was a latent vector that contained all the
information representing the current clinical record. This latent
vector was used as the input of the LSTM to update the person
vector (ie, patient status). This person vector was then used to
predict our targets.
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Figure 5. HVec model using LSTM networks. HVec: hierarchical vectorizer; LSTM: long short-term memory; Vec: vector.

However, most previous studies were based on a relatively
balanced data set. As we pointed out earlier, the distribution of
CA-mortality/CA-readmission is extremely imbalanced.
Training LSTM networks with an extremely imbalanced data
set is always challenging because, without a carefully designed
training strategy, the model could be biased (ie, predicting the
negative class for all records). In order to address this problem,
two different training strategies have been proposed to alleviate
model bias during the training step:
1.

2.

The multitask learning framework was introduced to
combine several related learning tasks to regularize the
gradient and alleviate data imbalance problems during
training.
At the person level, CA-mortality/CA-readmission records
were upsampled, and at the record level, higher weights
were assigned to CA records.

Multitask Learning
The multitask learning framework was proposed, and several
auxiliary related tasks were added to the HVec outputs (Figure
6). In this framework, the main functions were mortality and
readmission. Here, instead of dividing each main task output
into ALL-mortality/ALL-readmission and CA-mortality/
CA-readmission independently, an output was considered to
cover both because the latter is a subset of the former. Although
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the distribution was different, they still can be achieved
simultaneously with the proposed person upsampling and CA
record weighting (described in the next section). Inspired by a
previous study [22], three auxiliary autoencoder tasks were
introduced to help the model learn the embeddings (Figure 6).
Two self-supervised regression tasks were also introduced to
allow the embedding to “memorize” the current cost and predict
the future cost. Furthermore, another classification task was
implemented to predict whether a record is an IHCA record
considering that we observed the correlation of IHCA to
mortality in the previous analysis.
To monitor the gradients of different tasks and regularize the
learning process with auxiliary tasks, Theorem 1 was adopted
from Du et al [23].
Theorem 1 given any gradient vector field G(θ(t)) = ∇θ (θ) (1)
to denote the main task and an arbitrary vector field V(θ(t)) to
denote the gradient from another auxiliary task, the update
strategy using:
θ(t+1) := θ(t) - α(t) (G(θ(t)) + V(θ(t)) + max (0,
cos(G(θ(t)), V(θ(t)))) (2)
with a proper can coverage to a local minimum.
Following this theorem, HVec can learn and converge with a
large data set.
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Figure 6. Multiple outputs for multitask learning. Cum: cumulative; Emb: embedding; ER: emergency room; Hstay: hospital staying; ICD: International
Classification of Disease; IHCA: in-hospital cardiac arrest; Infor: information; LSTM: long short-term memory; Stats: statistics; Vec: vector.

Person Upsampling and CA Record Weighting
Although the gradients from different tasks can be monitored
in multitask learning, with a heavily imbalanced data set (eg,
CA-mortality), the auxiliary tasks may fail to regularize the
main task. When we trained the HVec model, all records of a
person were treated as a single sequential record and fed together
into the model. Therefore, in each batch, the batch size was
equal to the number of people in the batch. Compared with the
number of all records, the number of CA records for each person
was relatively rare. CA-mortality and CA-readmission were
rare compared with ALL-mortality and ALL-readmission.
The weighting strategy [24] was proposed to solve this problem
from two perspectives: at the person level, patients with
CA-mortality/CA-readmission records were upsampled per
batch (see Figure 7); at the record level, a higher weight was
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assigned to CA records to make the objective function more
sensitive to CA-mortality/CA-readmission records. The
upsampling of patients with CA-mortality/CA-readmission
records can guarantee that at the person level, there are more
CA-mortality/CA-readmission records [25].
Assigning a higher weight to CA records could also emphasize
the CA records during training by modifying the loss functions
accordingly. Considering N-loss functions {L1,…,LN}
corresponding to auxiliary tasks, the loss function can be written
as

(3).

Where
(4) is a function that equals 1 if the statement in the
bracket is true and otherwise 0; wpos and wneg are the positive
and negative class weight, respectively. Combined with the
gradient update strategy in equation 1, the HVec can learn from
the extremely imbalanced data set effectively.
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Figure 7. Person upsampling.

Results
Overview
A total of 168,693 patients and 4,622,079 clinical records were
extracted from the NHIRD over 9 years, and 3,052,601 records
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(dentist records, traditional medicine records, or local clinic
records) were excluded because these records were concentrated
with repetitive conditions and mainly added noise to the machine
learning models (Figure 8).
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Figure 8. CONSORT diagram of the study cohort. ALL-mortality: 30-day mortality after all records; ALL-readmission: 30-day readmission after all
records; CA: cardiac arrest; CA-mortality: 30-day mortality after CA records; CA-readmission: 30-day readmission after CA records; IHCA: in-hospital
cardiac arrest.

There were 1,569,478 clinical records in the cleaned database,
including both inpatient and outpatient records, from 168,693
patients (mean number of records per person: 9.30, SD 10.90)
who have experienced at least one IHCA event. The results
indicate an imbalanced data set, where the most imbalanced
task was CA-mortality with a ratio of 0.53%. The characteristics
of the study population are summarized in Table 4. There were
173,345 IHCA records (11.04% of the total clinical records),
and on average, there were 1.02 IHCA records for each person.

The age of the patients in the data set ranged from 0 (newborn)
to 118 years (mean age 68.66, SD 18.96 years), including
104,691 females and 64,002 males. Overall, 164,322 patients
(97.4%) had CA only once, 4,174 patients (2.4%) had CA twice,
and only 197 patients (0.2%) had CA more than twice. Death
was recorded for 87,311 patients (51.75% mortality rate). Of
these 87,311 patients, 82,225 patients died during their first
hospitalization for CA (94.17%; Figure 9).

Table 4. Characteristics of the study population.a
Characteristics

Study population (N=168,693)

Age (years), mean (SD)

68.66 (18.96)

Gender (male), n (%)

64,002 (37.9)

Record number per person, mean (SD)

9.30 (10.90)

Cardiac arrest frequency, n (%)
1

164,322 (97.4)

2

4174 (2.4)

≥3

197 (0.2)

Mortality, n (%)
a

87,311 (51.75)

Continuous variables are presented as the mean (SD), and categorical variables are presented as the number (percentage of the study population).
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Figure 9. Age and mortality statistics of the data set. CA: cardiac arrest.

Experiment 1: Single-Task Learning Versus Multitask
Learning
In this experiment, person upsampling and event weighting
were not applied. The model performance is summarized in
Tables 5 and 6.
As shown in Table 5, multitask learning could improve the
model performance for ALL-mortality and CA-mortality in

terms of the AUROC and F1 scores. Based on single-task and
multitask results, there was a relatively high improvement in
performance for the extremely imbalanced CA-mortality task
compared with the ALL-mortality task. However, the precision
was relatively low due to the imbalance ratio, which also
affected the F1 score. Moreover, the F1 score of CA-mortality
was too low for real-life applications.

Table 5. Single-task and multitask learning performance for CA-mortality and ALL-mortality.a
Mortality

a

CA-mortality

ALL-mortality

AUROCb

F1

Precision

Recall

AUROC

F1

Precision

Recall

Single-task learning

0.658

0.014

0.010

0.024

0.663

0.130

0.101

0.180

Multitask learning

0.752

0.049

0.041

0.060

0.711

0.147

0.093

0.349

CA-mortality: cardiac arrest mortality (30-day mortality after CA records); ALL-mortality: 30-day mortality after all records.

b

AUROC: area under the receiver operating characteristic.

As shown in Table 6, the improvement in multitask learning
for readmission prediction was not as significant as that for

mortality prediction. Furthermore, in CA-readmission prediction,
the F1 score and precision were decreased.

Table 6. Single-task and multitask learning performance for CA-readmission and ALL-readmission.a
Readmission

a

CA-readmission

ALL-readmission

AUROCb

F1

Precision

Recall

AUROC

F1

Precision

Recall

Single-task learning

0.847

0.214

0.162

0.315

0.872

0.554

0.424

0.801

Multitask learning

0.852

0.209

0.152

0.335

0.889

0.562

0.430

0.811

CA-readmission: cardiac arrest readmission (30-day readmission after CA records); ALL-readmission: 30-day readmission after all records.

b

AUROC: area under the receiver operating characteristic.

In this experiment, compared with single-task learning, multitask
learning could achieve a better performance for ALL-mortality
and ALL-readmission. However, multitask learning could not
solve the extremely imbalanced data set.

Experiment 2: Improving CA Prediction Performance
Experiment 1 showed that models had difficulties making good
predictions based on the CA-mortality and CA-readmission
data due to the extremely imbalanced data set. In this
experiment, we demonstrated that by applying person
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upsampling and event weighting, we could further improve the
performance for CA-mortality and CA-readmission without
considerably affecting ALL-mortality and ALL-readmission.
In our experiment, the upsampling rate indicates how many
times upsampling was performed for the positive class (patients
with CA-mortality or CA-readmission) in a batch, and an
upsampling rate of 1 means we did not perform upsampling.
The CA event weight indicates the loss weight wpos in equation
3, and we always set wneg=1. We used different upsampling
rates and event weights in our experiments. Our results are
J Med Internet Res 2021 | vol. 23 | iss. 9 | e27798 | p.1319
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summarized in Tables 7 and 8, including the previous results
on single-task model performance (first row of each table).
Overall, compared with the 30-day mortality task, the
imbalanced 30-day mortality task showed a larger increase in

performance when applying balancing techniques. As shown
in Table 7, after upsampling and event weighting, the models
demonstrated improved performance for both ALL-mortality
and CA-mortality. For CA-mortality, the F1 score was increased
by 36.7% (from 0.049 to 0.067).

Table 7. Mortality models with their respective hyperparameter configuration and their performance in predicting both CA-mortality and ALL-mortality.a
Mortality

a

CA-mortality

ALL-mortality

Upsampling rate

Event weight

Multitask

AUROCb

F1

AUROC

F1

1

1

No

0.658

0.014

0.663

0.130

1

1

Yes

0.752

0.049

0.711

0.147

10

1

Yes

0.808

0.064

0.728

0.155

10

5

Yes

0.802

0.067

0.726

0.158

CA-mortality: cardiac arrest mortality (30-day mortality after CA records); ALL-mortality: 30-day mortality after all records.

b

AUROC: area under the receiver operating characteristic.

Similar to ALL-mortality and CA-mortality, the AUROC and
F1 score were increased for both ALL-readmission and
CA-readmission by applying the two techniques. Based on the
results in Table 8, a minor but consistent increase was achieved
Table 8.

in CA-readmission prediction. However, there was no significant
improvement in ALL-readmission prediction. This is because
upsampling and event weighting would not greatly affect the
learning process for a more balanced data set.

Readmission models with their respective hyperparameter configuration and their performance in predicting CA-readmission and

ALL-readmission.a
Readmission

a

CA-readmission

ALL-readmission

Upsampling rate

Event weight

Multitask

AUROCb

F1

AUROC

F1

1

1

No

0.847

0.214

0.872

0.554

1

1

Yes

0.852

0.209

0.889

0.562

5

1

Yes

0.861

0.230

0.884

0.555

5

5

Yes

0.862

0.237

0.884

0.555

CA-readmission: cardiac arrest readmission (30-day readmission after CA records); ALL-readmission: 30-day readmission after all records.

b

AUROC: area under the receiver operating characteristic.

In summary, the results indicated that multitask learning,
upsampling, and event weighting could effectively improve the
model prediction performance for an imbalanced data set. We
also showed that these techniques could be collectively used to
achieve better results for an extremely imbalanced data set.

Discussion
In this study, we constructed a large patient database that
includes 9 years of EHRs for over 168,000 IHCA patients, which
can be used for future IHCA-related research. In addition, we
developed an HVec model (LSTM model) that uses a multitask
learning strategy to predict the 30-day mortality and
readmission.
The results showed that our model could successfully predict
future mortality and readmission using EHR data for IHCA
patients. We proposed the person upsampling and record
weighting strategies to handle the extremely imbalanced data
problem in this study. After applying these techniques, some
improvements were achieved in CA-mortality and CA-admission
prediction.
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In contrast to other studies using deep learning models to predict
another IHCA event after CA [26], our study focused on
predicting the future outcomes of IHCA patients after discharge.
To the best of our knowledge, this is the first study to predict
mortality and readmission after IHCA events by machine
learning. The model may serve as a surveillance system for
those who experienced IHCA. Patients with a high risk of
mortality or readmission in the near future could be identified
and re-evaluated before discharge. This study also demonstrated
the potential of another model for predicting future mortality
and readmission after each record using previous EHRs
(ALL-mortality/ALL-readmission). The model might help
identify those with a high risk in inpatient and outpatient
situations. However, mortality and readmission rates are
different in the general population compared with the patients
selected in this study. Using hospital EHRs with patients’
information in the NHIRD, we can construct a real-time alert
system based on machine learning methods to predict the
adverse events of IHCA survivors and improve their outcomes.
Further prospective studies are needed to verify the utility of
this system in the general population.
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Several studies have reported models for predicting the
outcomes of CA patients [8]. In a systematic review of current
prediction models, the median AUROC value was 0.84 with an
IQR of 0.80 to 0.89 [8]. For IHCA survivors, Chan et al.
reported that the cardiac arrest survival post-resuscitation
in-hospital (CASPRI) score could be used to predict favorable
neurologic outcomes after discharge [3]. The AUROC of the
CASPRI score was 0.80. Nanayakkara et al used deep learning
models to predict the IHCA events of CA survivors, and the
AUROC was 0.87 [26]. In our study, we encountered the
difficulty of imbalanced data. Using proper learning strategies,
we achieved comparable AUROC values (0.808 for
CA-mortality and 0.862 for CA-readmission). However, the
recall and precision rates were low in our study due to
imbalanced data. This is a challenge we aim to resolve. When
using historical medical records to predict outcomes, in many
cases, the records contain information that may indicate the
outcomes. For example, critical diagnosis and rescue medication
are often associated with mortality. Including these types of
information can facilitate training and give a high AUROC and
F1; however, the model itself is of limited use. Mortality records
were set as the negative class in our study to avoid overfitting.
In further studies, the model may be improved by adjusting the
threshold to optimize the trade-off between specificity and
sensitivity.
In our HVec framework, we encoded each person’s EHRs in
two levels of latent vectors (record-level and person-level) and
ensured that the model learns both simultaneously using the
unsupervised autoencoder strategy. The predictive results were
promising with these latent vectors. The latent vectors in these
two levels may be further explored to facilitate clinicians’
decision-making and provide better clinical interventions. In
addition, the person vector may be used as a biomarker to
evaluate the overall health status of a person beyond the health
care setting. Along with some recently developed models such
as Deep Patient [22] and MixEHR [27], we showed that the use
of deep neural networks to extract information from EHRs might
solve complex clinical research problems.

Chi et al
An imbalanced data distribution is common in clinical research,
especially for disease-related predictions. In comparison with
common diseases, many important diseases lack positive cases,
making it difficult to train a good model. In a previous study
[19], the authors attempted to address this problem by using a
balanced, distributed data set and train a deep learning model
with the balanced data set. Similarly, in this study involving
CA-mortality and CA-readmission, we demonstrated that by
carefully designing model learning strategies (eg, multitask
learning and upsampling), some common problems in clinical
research could be solved effectively with machine learning
models.
This study has some limitations. First, the IHCA cohort was
retrospectively extracted from the NHIRD. Further studies are
needed to evaluate the efficacy of this model as an early warning
system and determine how this system affects patients’
outcomes. Second, as our model was developed based on the
NHIRD, the generalization of this model to other health
insurance data sets is not proven. Third, each patient’s vital
signs and laboratory data were not included in the analysis due
to the study design. A combination of EHRs and patients’
clinical data may further improve model performance. Fourth,
traditional machine learning methods have the limitation of
interpretability. Specific risk factors for 30-day
mortality/readmission were unknown in this study. In future
studies, we plan to develop an explainable model and investigate
specific predictive factors in the model.
In summary, our model showed good performance in predicting
30-day mortality and readmission after IHCA, which can help
clinicians monitor CA patients' status better. We aim to provide
more insights to clinicians with proactive intervention
recommendations. Nevertheless, a challenge remains in the
interpretative ability of the deep learning model. Our future
work will mainly focus on the interpretative power of the model
trained using EHRs.
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Abstract
Background: Skin and subcutaneous disease is the fourth-leading cause of the nonfatal disease burden worldwide and constitutes
one of the most common burdens in primary care. However, there is a severe lack of dermatologists, particularly in rural Chinese
areas. Furthermore, although artificial intelligence (AI) tools can assist in diagnosing skin disorders from images, the database
for the Chinese population is limited.
Objective: This study aims to establish a database for AI based on the Chinese population and presents an initial study on six
common skin diseases.
Methods: Each image was captured with either a digital camera or a smartphone, verified by at least three experienced
dermatologists and corresponding pathology information, and finally added to the Xiangya-Derm database. Based on this database,
we conducted AI-assisted classification research on six common skin diseases and then proposed a network called Xy-SkinNet.
Xy-SkinNet applies a two-step strategy to identify skin diseases. First, given an input image, we segmented the regions of the
skin lesion. Second, we introduced an information fusion block to combine the output of all segmented regions. We compared
the performance with 31 dermatologists of varied experiences.
Results: Xiangya-Derm, as a new database that consists of over 150,000 clinical images of 571 different skin diseases in the
Chinese population, is the largest and most diverse dermatological data set of the Chinese population. The AI-based six-category
classification achieved a top 3 accuracy of 84.77%, which exceeded the average accuracy of dermatologists (78.15%).
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Conclusions: Xiangya-Derm, the largest database for the Chinese population, was created. The classification of six common
skin conditions was conducted based on Xiangya-Derm to lay a foundation for product research.
(J Med Internet Res 2021;23(9):e26025) doi:10.2196/26025
KEYWORDS
artificial intelligence; skin disease; convolutional neural network; medical image processing; automatic auxiliary diagnoses;
dermatology; skin; classification; China

Introduction

Chinese population that would enable successful diagnosis of
skin diseases for Chinese patients.

Skin conditions affect 1.9 billion people [1] and are the
fourth-leading cause of the nonfatal disease burden across 188
low- and high-income countries [2-4]. Patients with skin diseases
usually account for 10% of the number of outpatients in Chinese
general hospitals and are also among the most common patients
in primary care. However, there is a severe lack of
dermatologists, particularly in rural Chinese areas. Based on
incomplete statistics from the Chinese Society of Dermatology
and Sexually Transmitted Diseases, there are approximately
30,000 dermatologists in China, accounting for 0.0016% of the
total number of people with skin diseases.

In this paper, we aim to build a database consisting of skin
images based on the Chinese population and present an AI-based
method for classifying six common skin diseases to lay a
foundation for further product research.

The total number of dermatologists in China is less than 30,000,
which results in a large gap between the supply and demand of
dermatological resources, especially in primary care hospitals.
In addition, some long-standing problems in the Chinese medical
industry still exist, such as the uneven distribution of
high-quality doctor resources, primary care hospital doctors
prone to misdiagnosing patients, missed diagnoses, and
insufficient knowledge of rare diseases [5,6]. Addressing these
problems necessitates the use of artificial intelligence (AI) in
Chinese dermatology. AI has transformed health care [7] and
has become one of the most trending research topics. Deep
learning algorithms, powered by advances in computation and
the creation of large databases, have recently been shown to
outperform humans in visual tasks [8]. Recent studies in the
medical field, such as those on automatic lesion segmentation
and intelligent disease recognition, have successfully used AI
to identify skin diseases based on image data [9]. The use of AI
in Chinese dermatology started later than in some high-income
countries but has been developing rapidly; it could be a solution
to the problems that exist in dermatology.
Using deep learning methods for skin disease identification
requires a large amount of data. Skin images from the Chinese
population are limited. Most public databases on skin diseases
are from the US or European Union (EU) population, with a
relatively small size and without corresponding pathology
information to support their validity [9,10]. The images in the
ISIC database, for example, come mainly from light-skinned
populations in the United States, Europe, and Australia [11].
Other researchers prefer to use data sets established based on
their own patients. These data sets contain information about
limited types of skin diseases, include a smaller sample size, or
have decreased reliability [12,13]. These problems hinder the
use of Chinese AI products, because the systems developed
based on these data sets are unreliable for automatically
diagnosing members of the Chinese population. Therefore, it
is necessary to build a data set with skin images from the
https://www.jmir.org/2021/9/e26025
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Methods
Construction of Xiangya-Derm
As approved by the ethics committee of Central South
University, we captured each image with either a digital camera
or a smartphone in the Dermatology Outpatient Department,
which relies on the Xiangya Big Data Collection Platform. The
images were collected according to uniform standards from
many cooperating hospitals in Nanjing, Guangzhou, Wuhan,
Changsha (cities in China), etc. Most of these images have
corresponding pathology information to ensure the accuracy of
diagnosis information. For the other common and
easy-to-diagnose skin diseases, images were verified by at least
three experienced dermatologists. Meanwhile, the dermatologists
were asked to annotate the specific location of the skin lesions
in each image using an open source software called LabelImg
[14]. Finally, the images with a clear diagnosis were added to
Xiangya-Derm, a Chinese database. We classified the existing
data into six types of skin diseases (malignant tumor, benign
tumor, erythema papule scale, bullous, allergic, and connective
tissue) based on the classification of common skin diseases and
the amount of existing data.

Study of Six Common Skin Diseases
After the construction of Xiangya-Derm, we conducted research
on the classification of some common skin diseases from the
Xiangya-Derm database using a convolutional neural network
(CNN). First, six different subtypes of common dermatoses
with additional data magnitudes and common outpatients
(psoriasis, basal cell carcinoma, seborrheic keratosis, pemphigus,
eczema, and lupus erythematosus) were selected, and a data set
consisting of 5660 clinical images was constructed. These six
subtypes of skin diseases were selected because they are the
most common and representative skin diseases in primary care
hospitals in China and because more data were available for
these diseases than for any other. This data set contained
common skin disease types, such as skin tumors, erythema, and
scaling disease. In this data set, the image numbers of psoriasis
and other diseases were unbalanced. If the data set had been
used directly to classify each type of disease separately, it would
have created a severe bias in the network against psoriasis.
Therefore, we downsampled psoriasis samples to balance the
number of samples among different categories. Moreover, we
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re-established a database containing six types of diseases,
totaling approximately 3000 images, which ensured that the
number of samples in different categories was within a
reasonable range. In this range, the disease with the largest
number of samples had over 1000 images, while the disease
with the fewest samples had fewer than 200 images.

used modified ResNet (M-ResNET) as the backbone network
and Faster R-CNN [15], a two-stage object detection method,
as the basic structure. Regarding the training and testing data
set size, we trained our model with 2400 images and tested it
with the remaining 600 images (training size:testing size=4:1)
in the database.

Based on a balanced number of samples in different categories,
we proposed a network, called Xy-SkinNet, that was trained to
be a six-category model for these six common types of diseases.
Before we constructed the model, images in the database for
modeling were checked. We found that the background of the
clinical images in our database was complex and the size of
lesions was relatively small. To overcome these problems and
improve the classification performance, the model was designed
to first detect the regions of interest that contained lesions. A
specially designed information fusion block was then used to
output the result by considering all the regions. The network

Faster R-CNN is an improved version of R-CNN [16] and Fast
R-CNN [17]. As a two-stage method, Faster R-CNN comprises
two parts. The first part is a region proposal network (RPN),
which generates several candidate regions on the entire image
according to some preset box (anchor) and keeps only the
foreground regions. The second part classifies and locates each
remaining region in a fine-grained manner. These two parts
share some network parameters. The structure of the model is
shown in Figure 1. Based on the basic structure of the method,
we improved it by adding an information fusion block for
dermatosis characteristics.

Figure 1. Structure of Xy-SkinNet. CNN: convolutional neural network.

Human Versus Computer Competition
To evaluate the performance of Xy-SkinNet and validate its
effectiveness in a clinical situation, we conducted a contrast
experiment with 31 dermatologists of different seniority levels,
including professors, senior attending doctors, young attending
doctors, and medical students of dermatology. In our contrast
experiment, Xy-SkinNet and all dermatologists had to identify
the type of disease from a set of 100 clinical images without a
time limit. Their performances were evaluated using accuracy
as the metric. To ensure the fairness and validity of the
comparison, all the images used contained only one type of skin
disease and had been previously verified using corresponding
histopathological information. Histopathological examination
was the golden standard for diagnoses of these six types of skin
diseases. Compared with other diagnostic technologies,
histopathological examination was more accurate and objective.
If there were some cases whose histopathological features were
atypical, we let another three specialists (who did not take part
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XSL• FO
RenderX

in human vs. computer competition) determine a final diagnosis.
Images for this contrast experiment were selected by
dermatologists who did not participate in the experiment, and
the images were not included in the training or testing data sets
used in the process of building of our model.

Results
Xiangya-Derm, a Chinese Dermatological Database
Xiangya-Derm, as a new Chinese database, contains nearly 20
years of data from 15 hospitals, including Xiangya Hospital
Central South University, the Third Hospital of Central South
University, and Henan Provincial People’s Hospital. Most
images were matched with pathology information to ensure the
accuracy of the image diagnostic information. Other common
skin diseases that are easily recognized by the naked eye were
independently confirmed by three dermatologists. Each patient’s
clinical history was recorded on the Xiangya Big Data Collection
Platform. It is worth mentioning that most of the data in the
J Med Internet Res 2021 | vol. 23 | iss. 9 | e26025 | p.1326
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
Xiangya-Derm database have been labeled with bounding boxes
by skin experts (Figure 2).
There are over 150,000 images in the Xiangya-Derm database,
including 571 different skin diseases. Approximately, 60,000
images have been assigned annotations of skin type and lesion
location. Common skin diseases, such as benign and malignant
skin tumors, erythema papule scales, allergic skin diseases, and
bullous skin diseases, are included (Figure 3). Of the total
images in the database, 14,063 images are of skin tumors,
including 5356 images of malignant tumors and 8707 images
of benign tumors.
For common skin diseases, the diagnosis was independently
made by three dermatologists based on history, clinical images,
and dermoscopic features (Figure 2A). For rare skin diseases
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and skin tumors, the diagnosis was made based on history,
clinical images, dermoscopic features, and histopathological
features (Figure 2B). All the information about the patients and
their diseases was collected in our database.
The database mainly consists of six types of skin diseases:
malignant tumor, benign tumor, erythema papule scale,
connective tissues, allergic, and bullous (Figure 3A).
Representative examples in the Xiangya-Derm database are
presented in Figure 3B, including psoriasis, melanoma, and
dermatofibrosarcoma protuberans (an extremely rare disease).
In addition to clinical images, dermascopic images, medical
imaging information (eg, B-scan ultrasonography, positron
emission tomography–computed tomography [PET-CT]) and
history were included.

Figure 2. Pattern of the Xiangya Big Data Collection Platform.
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Figure 3. Branching tree diagram of the Xiangya-Derm database.

Xy-SkinNet Performance on Six Common Skin
Diseases
The performance when using different CNN structures as the
backbone model on the testing data set is shown in Table 1. The
ResNet-152 model showed better performance than others in
terms of top 1 and top 3 mean accuracies (61.48% and 77.38%,
respectively). Xy-SkinNet’s top differential diagnosis was for
pemphigus and had a top 1 accuracy of 80.0%. When
Xy-SkinNet was allowed three diagnoses, its top 3 accuracy
rose to 90.0%. We also found that the performance of the
ResNet-101 model was similar to that of the ResNet-152 model
for certain diseases, such as seborrheic keratosis, pemphigus,
and lupus erythematosus. However, the ResNet-101 model was
better than the ResNet-152 model in terms of the top 1 accuracy
on eczema (59.1% vs 54.5%) and the top 3 accuracies on lupus
erythematosus (70.0% vs 60.0%).
The comparison between the experimental results of Xy-SkinNet
and the average performance of dermatologists is shown in
Table 2. The receiver operating characteristic (ROC) curve of
https://www.jmir.org/2021/9/e26025
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the model for six types of diseases is shown in Figure 4, in
which the performance of each dermatologist is also plotted.
As the results showed (Table 2), Xy-SkinNet achieved a top 1
accuracy of 64.75%, while the average performance of the
dermatologists was 62.13%. Moreover, Xy-SkinNet
outperformed the dermatologists in terms of the top 3 accuracy,
where Xy-SkinNet achieved an accuracy of 84.77%, while the
dermatologists achieved an accuracy of 78.15%. As shown in
Figure 4, for Xy-SkinNet, the area under the curve (AUC) values
for the six types of diseases were 0.81, 0.85, 0.90, 0.96, 0.79,
and 0.76, respectively, which were higher than the corresponding
values of the average performance level of the dermatologists.
Moreover, we recorded the time costs for Xy-SkinNet and each
dermatologist in our experiments. The results showed that
Xy-SkinNet takes only 10 seconds to identify all 100 clinical
images, while some dermatologists took over 2500 seconds or
over 25 seconds for a single image. Even dermatologists with
minimal time costs took up to 1216 seconds to classify the
images. These results showed that the method adopted in this
paper can achieve comparable performance in terms of accuracy
J Med Internet Res 2021 | vol. 23 | iss. 9 | e26025 | p.1328
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
to that of dermatologists and outperform dermatologists in terms
of time costs.
The comparison of accuracies (%) on six different skin diseases
between Xy-SkinNet and the average of dermatologists with
different levels in the external data set provided by
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dermatologists are shown in Table 2. Xy-SkinNet achieved a
top 1 accuracy of 64.75%, while the average performance of
the dermatologists was 62.13%. Moreover, Xy-SkinNet
outperformed the dermatologists in terms of the top 3 accuracy,
where Xy-SkinNet obtained an accuracy of 84.77%, while the
average performance of the dermatologists was 78.15%.

Table 1. Classification accuracies (%) of Xy-SkinNet.a
PSOb (%)

BCCc (%)

SEKd (%)

PEMe (%)

ECZf (%)

LUEg (%)

Mean (%)

ResNet-50

61.9

20.0

60.0

70.0

45.5

40.0

49.57

ResNet-101

54.8

20.0

70.0

80.0

59.1

50.0

55.65

ResNet-152

69.4

40.0

75.0

80.0

54.5

50.0

61.48

Xy-SkinNet

64.1

50.0

70.0

75.0

83.9

45.5

64.75

ResNet-50

66.7

70.0

75.0

90.0

68.2

60.0

71.65

ResNet-101

61.9

40.0

80.0

90.0

72.7

70.0

69.10

ResNet-152

71.6

80.0

90.0

90.0

72.7

60.0

77.38

Xy-SkinNet

67.7

70.0

90.0

90.0

100.0

90.9

84.77

Backbone
Top 1

Top 3

a

The classification accuracies (%) of Xy-SkinNet on six different skin diseases using different backbone networks as the feature extractor are shown.
The ResNet-152 model showed better performance than the ResNet-50 and ResNet-101 models in terms of top 1 and top 3 mean accuracies. However,
our original algorithm performed better than the others, especially in terms of the top 3 accuracies.
b

PSO: psoriasis.

c

BCC: basal cell carcinoma.

d

SEK: seborrheic keratosis.

e

PEM: pemphigus.

f

ECZ: eczema.

g

LUE: lupus erythematosus.

Table 2. Comparison of accuracy (%) between Xy-SkinNet and the average of dermatologists.

a

Class

Sample size

Top 1 (computer; %)

Top 1 (dermatologists; %)

Top 3 (computer; %)

Top 3 (dermatologists; %)

LUEa

11

45.5

60.6

90.9

70.0

ECZb

31

83.9

47.5

100.0

76.9

SEKc

10

70.0

60.8

90.0

77.9

PSOd

93

64.1

75.7

67.7

87.2

BCCe

10

50.0

67.4

70.0

84.9

PEMf

20

75.0

60.8

90.0

72.0

All

175

64.75

62.13

84.77

78.15

LUE: lupus erythematosus.

b

ECZ: eczema.

c

SEK: seborrheic keratosis.

d

PSO: psoriasis.

e

BCC: basal cell carcinoma.

f

PEM: pemphigus.
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Figure 4. ROC curve of the six-category classification model. The three blue lines represent the mean ROC curves over the ResNet50, ResNet101,
and ResNet152 runs. Each triangular point represents the results of one dermatologist. Results suggested that the mean performance of the dermatologists
was lower than that of the models for most diseases. ROC: receiver operating characteristic.

Discussion
Principal Results
In this study, we established a new database, Xiangya-Derm,
which consists of over 150,000 clinical images of 571 different
skin diseases in the Chinese population. Xiang-Derm is the first
integrated, normative database based on skin conditions in the
Chinese population. Based on this database, we selected six
common skin diseases and proposed an AI network,
Xy-SkinNet. The top 1 and top 3 diagnostic accuracies of
Xy-SkinNet were higher than those of dermatologists from the
Department of Dermatology. This study was an attempt at
exploring AI products and services and has successfully set the
stage for future development. An increasing number of studies
are incorporating clinical images [18-21].
There are already some open databases, such as AtlasDerm,
Derm101, and Dermnet. Considering differences in skin color,
Xiangya-Derm can provide data for realizing AI diagnosis of
skin diseases among the Chinese population. Many existing
databases lack medical history information, especially
information about pathological diagnosis, and, potentially,
contain some misdiagnosed photos. Notably, one of the greatest
https://www.jmir.org/2021/9/e26025
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advantages of Xiangya-Derm is that most images contain
corresponding skin pathology results, providing the category
annotation of a gold standard, which can be most effectively
applied to various research studies and in the development of
AI. This feature ensures that the diagnostic information about
pictures used for deep learning is accurate and reduces the
diagnostic errors caused by misdiagnosis. Of course, there are
also a small number of unmatched pictures in our database,
which is correlated with the lack of corresponding dermoscopic
images.
In addition, XiangyaDerm provides image data with the location
for all skin lesions, thus enabling researchers to apply object
detection algorithms in computer vision for the automatic
diagnosis of skin diseases. Moreover, each image has a full set
of clinical information about the patient, including demographic
information, complaints, current medical history, past medical
history, and family history. Given the complete set of big data,
conducting further research on AI diagnosis using multimodal
data, which is more coincident with the real-world diagnosis
process and more intuitive for both doctors and patients, is
achievable.
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Comparison With Prior Work
Many attempts have been made in the field of automatic
diagnosis of dermatosis. For example, Alćonet et al [22]
proposed a system that consisted of a feature extractor and a
classifier. This system is capable of adapting its decision-making
process based on patient information. Blum et al [23] performed
digital image analysis using 64 different analytical parameters
based on 837 cases of melanocyte lesions to establish a computer
algorithm for diagnosing melanocyte lesions. The diagnostic
accuracies of the algorithm for complete and partial imaging
were 82% and 84%, respectively. Another study used multiple
databases to perform dermoscopic and digital dermoscopic
examinations of cutaneous melanoma and compared the
diagnostic accuracies of different dermal algorithms and digital
dermatoscopy joint intelligence [24].
CNNs have presented varying results in medical fields when
using an improved algorithm [8,25,26]. Pal et al [10] designed
and produced a psoriasis skin biopsy image data set of 90 images
and attempted to segment the images using several different
neural network models. Their results were superior to the manual
extraction features. Sun et al [9] attempted to classify
dermatological images using CNNs as feature extraction
methods. They used a data set that included 198 types of
diseases and 6584 images. However, despite using a large data
set, the final result was inferior to that obtained by the use of
AI extraction features. Han et al [27] used a deep learning
algorithm to classify clinical images of 12 dermatoses, with
performance comparable to that of 16 dermatologists. Tschandl
et al [28] showed that computers can achieve an accuracy similar
to that of medical students by using a CNN-based method to
diagnose skin diseases on an image. In our study, the AI-based
six-category classification outperformed the dermatologists.
Patients’ multimodal data were used to create a simulated
clinical setting for AI. Thus, the comparison between AI and
the dermatologists is fair as the diagnosis made by
dermatologists in real clinical practice partially depends on
history and other nonimage information.
Relevant research reports also increasingly support that deep
learning systems can help improve the accuracy of
nondermatologists or clinicians with a lack of experience,
especially in primary care [1]. AI can also foster and improve
the confidence of doctors. In China, 95% of dermatologists are
concentrated in tertiary hospitals, and the number of
dermatologists at county hospitals, especially township hospitals,
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is less than 5% of the total number. In addition, numerous county
and township hospitals have a limited number of dermatologists.
The proportion of doctors and patients is unbalanced, and the
level of doctors is uneven, causing delayed diagnosis for many
patients, poor prognosis, aggravation of the family economic
burden, etc [29]. In our research, we selected six skin diseases:
psoriasis, basal cell carcinoma, seborrheic keratosis, pemphigus,
eczema, and lupus erythematosus. Our research may satisfy the
needs of primary doctors, as these six conditions are common
in primary care and outpatient work. In the future, we intend to
explore an auxiliary diagnosis system that can provide
dermatologists with three possible diagnoses, ranked by
accuracy, for one lesion. The risk of misdiagnosis is likely to
decline for primary diagnoses when combining AI and manual
correction.
Because there are few dermatologists in China’s rural areas, we
plan to build a multidimensional AI platform that assists Chinese
primary dermatologists in diagnosing skin diseases through
deep learning and the construction of Xiangya-Derm. In light
of the lack of criteria for skin disease data sets, we would like
to encourage the establishment of standards in the future. It
would be beneficial to create a new data set or improve the
existing data sets with multimodal clinical information.

Limitations
Although we included six types of skin diseases in our data set,
a large number of skin diseases were not considered. One of
the reasons for this is that these six diseases cover most of the
skin conditions in clinical practice. With this database and the
development of AI products, new data for rare skin diseases
can be collected at the same time as the diagnosis of common
skin diseases. In addition, the quality of health services has
improved in China, and some skin diseases, such as bacterial
and parasitic skin diseases, are rarely seen. Thus, it is difficult
to collect data on these diseases. Moreover, the clinical images
in our database were collected from the Chinese population,
making the database ineffective for training an intelligent global
skin disease diagnosis system.

Conclusions
Xiangya-Derm, the largest database for skin diseases in the
Chinese population, was created, and six common skin
conditions were classified based on Xiangya-Derm to lay a
foundation for product research.

Acknowledgments
This work is supported by the National Key R&D Program of China (2018YFC0117004); the Outstanding Youth Project of
Hunan, China (2020RC3059); the Hunan Provincial Innovation Foundation for Postgraduate; and the Fundamental Research
Funds for the Central University of Central South University.

Conflicts of Interest
None declared.

References

https://www.jmir.org/2021/9/e26025

XSL• FO
RenderX

J Med Internet Res 2021 | vol. 23 | iss. 9 | e26025 | p.1331
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
1.
2.

3.
4.

5.

6.
7.
8.
9.

10.
11.
12.
13.

14.
15.

16.

17.

18.

19.

20.
21.

22.

23.

Liu Y, Jain A, Eng C, Way DH, Lee K, Bui P, et al. A deep learning system for differential diagnosis of skin diseases. Nat
Med 2020 May 18;26(6):900-908. [doi: 10.1038/s41591-020-0842-3]
Pangti R, Mathur J, Chouhan V, Kumar S, Rajput L, Shah S, et al. A machine learning-based, decision support, mobile
phone application for diagnosis of common dermatological diseases. J Eur Acad Dermatol Venereol 2020 Nov
12;35(2):536-545. [doi: 10.1111/jdv.16967]
Hollestein LM, Nijsten T. An insight into the global burden of skin diseases. Journal of Investigative Dermatology 2014
Jun;134(6):1499-1501. [doi: 10.1038/jid.2013.513]
Karimkhani C, Dellavalle RP, Coffeng LE, Flohr C, Hay RJ, Langan SM, et al. Global skin disease morbidity and mortality:
an update from the Global Burden of Disease study 2013. JAMA Dermatol 2017 May 01;153(5):406-412 [FREE Full text]
[doi: 10.1001/jamadermatol.2016.5538] [Medline: 28249066]
Li CX, Shen CB, Xue K, Shen X, Jing Y, Wang ZY, et al. Artificial intelligence in dermatology: past, present, and future.
Chin Med J (Engl) 2019 Sep 05;132(17):2017-2020 [FREE Full text] [doi: 10.1097/CM9.0000000000000372] [Medline:
31425274]
Hashmi S. ‘Coming of Age’ of artificial intelligence: evolution of survivorship care through information technology. Bone
Marrow Transplant 2015 Nov 9;51(1):41-42. [doi: 10.1038/bmt.2015.271]
Naylor CD. On the prospects for a (deep) learning health care system. JAMA 2018 Sep 18;320(11):1099. [doi:
10.1001/jama.2018.11103]
Esteva A, Kuprel B, Novoa RA, Ko J, Swetter SM, Blau HM, et al. Dermatologist-level classification of skin cancer with
deep neural networks. Nature 2017 Jan 25;542(7639):115-118. [doi: 10.1038/nature21056]
Sun X, Yang J, Sun M, Wang K. A benchmark for automatic visual classification of clinical skin disease images, in European
Conference on Computer Vision. 2016 Sep 17 Presented at: European Conference on Computer Vision; October 8-16,
2016; Amsterdam p. 2016. [doi: 10.1007/978-3-319-46466-4_13]
Pal A, Garain U, Chandra A, Chatterjee R, Senapati S. Psoriasis skin biopsy image segmentation using deep convolutional
neural network. Computer Methods and Programs in Biomedicine 2018 Jun;159:59-69. [doi: 10.1016/j.cmpb.2018.01.027]
Ren S, He K, Girshick R, Sun J. Faster R-CNN: towards real-time object detection with region proposal networks. IEEE
Trans Pattern Anal Mach Intell 2017 Jun 1;39(6):1137-1149. [doi: 10.1109/TPAMI.2016.2577031] [Medline: 27295650]
Brinker TJ, Hekler A, Utikal JS, Grabe N, Schadendorf D, Klode J, et al. Skin cancer classification using convolutional
neural networks: systematic review. J Med Internet Res 2018 Oct 17;20(10):e11936. [doi: 10.2196/11936]
Sies K, Winkler JK, Fink C, Bardehle F, Toberer F, Buhl T, et al. Past and present of computer-assisted dermoscopic
diagnosis: performance of a conventional image analyser versus a convolutional neural network in a prospective data set
of 1,981 skin lesions. European Journal of Cancer 2020 Aug;135:39-46. [doi: 10.1016/j.ejca.2020.04.043]
LabelImg. URL: https://tzutalin.github.io/labelImg/ [accessed 2021-08-08]
Fujisawa Y, Otomo Y, Ogata Y, Nakamura Y, Fujita R, Ishitsuka Y, et al. Deep-learning-based, computer-aided classifier
developed with a small dataset of clinical images surpasses board-certified dermatologists in skin tumour diagnosis. Br J
Dermatol 2019 Feb;180(2):373-381. [doi: 10.1111/bjd.16924] [Medline: 29953582]
Ross G, Jeff D, Trevor D, Jitendra M. Rich feature hierachies for accurate object detection and semantic segmentation. :
IEEE; 2014 Sep 25 Presented at: 2014 IEEE Conference on Computer Vision and Pattern Recognition; Columbus, OH,
USA; 23-28 June 2014 p. 2014. [doi: 10.1109/CVPR.2014.81]
Ross G. Fast R-CNN, in Proceedings of the IEEE International Conference on Computer Vision. 2015 Sep 07 Presented
at: 2015 IEEE International Conference on Computer Vision (ICCV); Dec. 7-13, 2015; Santiago p. 1440-1448. [doi:
10.1109/ICCV.2015.169]
Xiaoxiao S, Jufeng Y, Ming S, Kai W. A benchmark for automatic visual classification of clinical skin disease images.
2016 Sep 17 Presented at: European Conference on Computer Vision; October 11-14, 2016,; Amsterdam, The Netherlands.
[doi: 10.1007/978-3-319-46466-4_13]
Haofu L, Yuncheng L, Jiebo L. Skin disease classification versus skin lesion characterization: achieving robust diagnosis
using multi-label deep neural networks. 2017 Apr 24 Presented at: 2016 23rd International Conference on Pattern Recognition
(ICPR); 4-8 Dec. 2016; Cancun, Mexico. [doi: 10.1109/icpr.2016.7899659]
Haofu L, Jiebo L. A deep learning approach to universal skin disease classification. AI Magazine 2018 Sep 18:2015.
Jufeng Y, Xiaoxiao S, Jie L, Paul L. R. Clinical skin lesion diagnosis using representations inspired by dermatologist criteria.
2018 Dec 17 Presented at: J.L., Clinical Skin Lesion Diagnosis using Representations Inspired by Dermatologist Criteria,
in IEEE Conference on Computer Vision and Pattern Recognition; 2018; Salt Lake City, UT, USA. [doi:
10.1109/cvpr.2018.00137]
Fernandez Alcon J, Ciuhu C, ten Kate W, Heinrich A, Uzunbajakava N, Krekels G, et al. Automatic imaging system with
decision support for inspection of pigmented skin lesions and melanoma diagnosis. IEEE J. Sel. Top. Signal Process 2009
Feb;3(1):14-25. [doi: 10.1109/jstsp.2008.2011156]
Blum A, Luedtke H, Ellwanger U, Schwabe R, Rassner G, Garbe C. Digital image analysis for diagnosis of cutaneous
melanoma. Development of a highly effective computer algorithm based on analysis of 837 melanocytic lesions. Br J
Dermatol 2004 Nov;151(5):1029-1038. [doi: 10.1111/j.1365-2133.2004.06210.x]

https://www.jmir.org/2021/9/e26025

XSL• FO
RenderX

Huang et al

J Med Internet Res 2021 | vol. 23 | iss. 9 | e26025 | p.1332
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
24.
25.

26.

27.

28.

29.

Huang et al

Rajpara S, Botello A, Townend J, Ormerod A. Systematic review of dermoscopy and digital dermoscopy/artificial intelligence
for the diagnosis of melanoma. Br J Dermatol 2009 Aug 20;161(3):591-604. [doi: 10.1111/j.1365-2133.2009.09093.x]
Alper A, Mesut G, Elif Mine K. Deep learning based skin cancer diagnosis. 2017 Jun 29 Presented at: 2017 25th Signal
Processing and Communications Applications Conference (SIU); 15-18 May 2017; Antalya, Turkey. [doi:
10.1109/SIU.2017.7960452]
Alper B, Mehmet Emin Y, Hasan B, Abdullah Ç. Deep neural network based diagnosis system for melanoma skin cancer.
2017 Jun 29 Presented at: 2017 25th Signal Processing and Communications Applications Conference (SIU); 15-18 May
2017; Antalya, Turkey p. 2017. [doi: 10.1186/s40537-019-0276-2]
Han SS, Kim MS, Lim W, Park GH, Park I, Chang SE. Classification of the clinical images for benign and malignant
cutaneous tumors using a deep learning algorithm. Journal of Investigative Dermatology 2018 Jul;138(7):1529-1538. [doi:
10.1016/j.jid.2018.01.028]
Tschandl P, Kittler H, Argenziano G. A pretrained neural network shows similar diagnostic accuracy to medical students
in categorizing dermatoscopic images after comparable training conditions. Br J Dermatol 2017 Jul 19;177(3):867-869.
[doi: 10.1111/bjd.15695]
Tschandl P, Rinner C, Apalla Z, Argenziano G, Codella N, Halpern A, et al. Human–computer collaboration for skin cancer
recognition. Nat Med 2020 Jun 22;26(8):1229-1234. [doi: 10.1038/s41591-020-0942-0]

Abbreviations
AI: artificial intelligence
AUC: area under the curve
CNN: convolutional neural network
EU: European Union
M-ResNet: modified ResNet
PET-CT: positron emission tomography–computed tomography
ROC: receiver operating characteristic
RPN: region proposal network

Edited by R Kukafka; submitted 25.01.21; peer-reviewed by NB Prakash, B Li; comments to author 17.03.21; revised version received
24.03.21; accepted 27.07.21; published 21.09.21.
Please cite as:
Huang K, Jiang Z, Li Y, Wu Z, Wu X, Zhu W, Chen M, Zhang Y, Zuo K, Li Y, Yu N, Liu S, Huang X, Su J, Yin M, Qian B, Wang X,
Chen X, Zhao S
The Classification of Six Common Skin Diseases Based on Xiangya-Derm: Development of a Chinese Database for Artificial Intelligence
J Med Internet Res 2021;23(9):e26025
URL: https://www.jmir.org/2021/9/e26025
doi:10.2196/26025
PMID:34546174

©Kai Huang, Zixi Jiang, Yixin Li, Zhe Wu, Xian Wu, Wu Zhu, Mingliang Chen, Yu Zhang, Ke Zuo, Yi Li, Nianzhou Yu, Siliang
Liu, Xing Huang, Juan Su, Mingzhu Yin, Buyue Qian, Xianggui Wang, Xiang Chen, Shuang Zhao. Originally published in the
Journal of Medical Internet Research (https://www.jmir.org), 21.09.2021. This is an open-access article distributed under the
terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted
use, distribution, and reproduction in any medium, provided the original work, first published in the Journal of Medical Internet
Research, is properly cited. The complete bibliographic information, a link to the original publication on https://www.jmir.org/,
as well as this copyright and license information must be included.

https://www.jmir.org/2021/9/e26025

XSL• FO
RenderX

J Med Internet Res 2021 | vol. 23 | iss. 9 | e26025 | p.1333
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Park et al

Original Paper

A Fully Automated Analytic System for Measuring Endolymphatic
Hydrops Ratios in Patients With Ménière Disease via Magnetic
Resonance Imaging: Deep Learning Model Development Study
Chae Jung Park1*, MSc; Young Sang Cho2*, MD; Myung Jin Chung3, MD, PhD; Yi-Kyung Kim3, MD; Hyung-Jin
Kim3, MD, PhD; Kyunga Kim1,4, PhD; Jae-Wook Ko5, MD, PhD; Won-Ho Chung2*, MD, PhD; Baek Hwan Cho6,
PhD
1

Department of Digital Health, Samsung Advanced Institute for Health Sciences & Technology, Sungkyunkwan University, Seoul, Republic of Korea

2

Department of Otorhinolaryngology-Head and Neck Surgery, Samsung Medical Center, Sungkyunkwan University School of Medicine, Seoul, Republic
of Korea
3

Department of Radiology, Samsung Medical Center, Sungkyunkwan University School of Medicine, Seoul, Republic of Korea

4

Biomedical Statistics Center, Data Science Research Institute, Research Institute for Future Medicine, Samsung Medical Center, Seoul, Republic of
Korea
5

Department of Clinical Pharmacology and Therapeutics, Samsung Medical Center, Seoul, Republic of Korea

6

Department of Medical Device Management and Research, Samsung Advanced Institute for Health Sciences & Technology, Sungkyunkwan University,
Seoul, Republic of Korea
*

these authors contributed equally

Corresponding Author:
Baek Hwan Cho, PhD
Department of Medical Device Management and Research
Samsung Advanced Institute for Health Sciences & Technology
Sungkyunkwan University
81 Irwon-ro, Gangnam-gu
Seoul, 06355
Republic of Korea
Phone: 82 234100885
Email: baekhwan.cho@samsung.com

Abstract
Background: Recently, the analysis of endolymphatic hydropses (EHs) via inner ear magnetic resonance imaging (MRI) for
patients with Ménière disease has been attempted in various studies. In addition, artificial intelligence has rapidly been incorporated
into the medical field. In our previous studies, an automated algorithm for EH analysis was developed by using a convolutional
neural network. However, several limitations existed, and further studies were conducted to compensate for these limitations.
Objective: The aim of this study is to develop a fully automated analytic system for measuring EH ratios that enhances EH
analysis accuracy and clinical usability when studying Ménière disease via MRI.
Methods: We proposed the 3into3Inception and 3intoUNet networks. Their network architectures were based on those of the
Inception-v3 and U-Net networks, respectively. The developed networks were trained for inner ear segmentation by using the
magnetic resonance images of 124 people and were embedded in a new, automated EH analysis system—inner-ear hydrops
estimation via artificial intelligence (INHEARIT)-version 2 (INHEARIT-v2). After fivefold cross-validation, an additional test
was performed by using 60 new, unseen magnetic resonance images to evaluate the performance of our system. The INHEARIT-v2
system has a new function that automatically selects representative images from a full MRI stack.
Results: The average segmentation performance of the fivefold cross-validation was measured via the intersection of union
method, resulting in performance values of 0.743 (SD 0.030) for the 3into3Inception network and 0.811 (SD 0.032) for the
3intoUNet network. The representative magnetic resonance slices (ie, from a data set of unseen magnetic resonance images) that
were automatically selected by the INHEARIT-v2 system only differed from a maximum of 2 expert-selected slices. After
comparing the ratios calculated by experienced physicians and those calculated by the INHEARIT-v2 system, we found that the
average intraclass correlation coefficient for all cases was 0.941; the average intraclass correlation coefficient of the vestibules
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was 0.968, and that of the cochleae was 0.914. The time required for the fully automated system to accurately analyze EH ratios
based on a patient's MRI stack was approximately 3.5 seconds.
Conclusions: In this study, a fully automated full-stack magnetic resonance analysis system for measuring EH ratios was
developed (named INHEARIT-v2), and the results showed that there was a high correlation between the expert-calculated EH
ratio values and those calculated by the INHEARIT-v2 system. The system is an upgraded version of the INHEARIT system; it
has higher segmentation performance and automatically selects representative images from an MRI stack. The new model can
help clinicians by providing objective analysis results and reducing the workload for interpreting magnetic resonance images.
(J Med Internet Res 2021;23(9):e29678) doi:10.2196/29678
KEYWORDS
deep learning; magnetic resonance imaging; medical image segmentation; Ménière disease; inner ear; endolymphatic hydrops;
artificial intelligence; machine learning; multi-class segmentation; convolutional neural network; end-to-end system; clinician
support; clinical decision support system; image selection; clinical usability; automation

Introduction
Although many medical fields have been developed over the
past few decades, medical imaging techniques, such as computed
tomography and magnetic resonance imaging (MRI), have
advanced greatly [1]. Experienced radiologists and physicians
typically interpret such images in the clinical field. However,
in recent years, due to the remarkable development of machine
learning, the situation is changing [2]. Artificial intelligence,
including machine learning, is widely used in various fields of
medical science, and image analysis via a convolutional neural
network is developing rapidly [3].
Ménière disease is a multifactorial disorder with typical
symptoms, such as recurrent vertigo attacks, fluctuating hearing
loss, tinnitus, and sensations of ear fullness. The prevalence of
Ménière disease varies by region and study, but the estimated
prevalence ranges from 30 to 150 patients per 100,000 people
[4]. In particular, it is known that this prevalence is higher within
White and female populations and increases with age [5].
Endolymphatic hydrops (EH) is a histologic hallmark of Ménière
disease in which the endolymphatic spaces in the cochlea and
the inner ear vestibule are distended [6]. According to current
diagnostic criteria, pure tone audiometry is the only objective
test for the diagnosis of definite or probable Ménière disease.
Further, electrocochleography is a common test for estimating
EH ratios [7]. However, electrocochleography is used only as
a reference examination for diagnosing Ménière disease because
it does not directly show the endolymphatic space. Similarly,
Ménière disease is challenging to diagnose objectively, and
efforts have been made in recent years to directly measure EH
ratios by using MRI [8-10].
A protocol for image-based EH analysis was suggested in a
previous study [11]; it required specific image viewer software
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to generate a hybrid image of signals (ie, a hybrid of the reversed
image of the positive endolymph signal and native image of the
positive perilymph signal [HYDROPS] or a HYDROPS image
multiplied by T2-weighted magnetic resonance cisternography
[HYDROPS-Mi2]). This process involves the manual contouring
of inner ear organs for boundary segmentation, which is mostly
performed by medical experts.
The need for automated analyses has emerged because
conventional quantitative analyses require more time and effort
than typical image interpretation processes. The automatic
measurement of EH ratios via MRI was proposed based on the
deep learning approach in our previous study [12]. Our research
showed that the convolutional neural network–based deep
learning model—the inner-ear hydrops estimation via artificial
intelligence (INHEARIT) system—could efficiently segment
cochleae and vestibules in magnetic resonance images and
calculate the EH ratios of the segmented regions [12]. However,
our study had a few limitations. First, full-stack image validation
was not conducted in our previous study. Thus, medical experts
were needed to manually select representative image slices of
cochleae and vestibules from the full magnetic resonance image
stack and load them into the system, and this human user process
was time consuming. Second, validation with an isolated data
set was not performed, which made it difficult to verify the
robustness of the system. Lastly, various deep learning models
were not used, except for the Visual Geometry Group (VGG)
network architecture—a VGG-19–based network [13]. To
compensate for these limitations, we developed a fully
automated analytic system for calculating EH ratios by using
deep learning and MRI—the INHEARIT-version 2
(INHEARIT-v2) system. The entire framework for this analytic
system is depicted in Figure 1.
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Figure 1. The proposed inner-ear hydrops estimation via artificial intelligence-version 2 (INHEARIT-v2) framework. EH: endolymphatic hydrops;
HYDROPS-Mi2: hybrid of the reversed image of the positive endolymph signal and native image of the positive perilymph signal image multiplied by
T2-weighted magnetic resonance cisternography; MRC: magnetic resonance cisternography.

Methods
Study Participants
Two data sets were used in this study—one for the deep
learning–based training models and another for validation. For
the training models, the magnetic resonance images of 124
patients (males: n=57; females: n=67; age: mean 49.3 years,
SD 16.02 years; range 17-76 years) who participated in our
previous INHEARIT study were used [12]. For the additional
test, 60 new participants were recruited from Samsung Medical
Center from February 2018 to September 2019. Written
informed consent was obtained from all participants. This study
was approved by the Institutional Review Board of Samsung
Medical Center (approval number: 2020-06-046).

Data Set for Analysis
We scanned all patients’ inner ears with a 3.0-T MRI device
(MAGNETOM Skyra; Siemens Medical Solutions). Gadobutrol
(gadolinium-DO3A-butriol; Gadovist 1.0), which was used as
the contrast agent, was intravenously administered to patients
before MRI. Different magnetic resonance scans were made by
using heavily T2-weighted magnetic resonance cisternography
(MRC) to distinguish the outlines of organs. Positive perilymph
images (PPIs) and positive endolymph images (PEIs) were used
to evaluate EHs. The HYDROPS images were obtained by
subtracting the number of PEIs from the number of PPIs. MRC
images, PPIs, and PEIs had identical fields of view, matrix sizes,
and slice thicknesses [8,14].

Data Annotation by Physicians
One neuroradiologist and one neuro-otologist independently
evaluated the MRC images. Representative slices of 4
classes—the left cochlea and vestibule and the right cochlea
and vestibule—were selected, and their contours were annotated
manually. The main slices of a cochlea or vestibule and their
regions of interest (ROIs) were chosen based on the following
criteria. For the cochlear ROI, among all MRI slices in which
the basal, middle, and apical views of organs were visible, the
slice with the largest modiolus height was chosen. For the
vestibular ROI, the lowest slice, in which the lateral semicircular
canal ring was obvious in images that were rotated by more
than 240°, was chosen, and images of the ampulla were excluded
https://www.jmir.org/2021/9/e29678
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[12]. Each physician drew contours of the ROIs on MRC
images, and the contours were compared to determine a point
of agreement.

Deep Learning Training Models for Inner Ear
Segmentation
To segment the ROIs, 2 deep learning models were developed
based on the architectures of the Inception-v3 [15] and U-Net
[16] networks. The models were named 3into3Inception and
3intoUNet. For segmentation via the Inception-v3 network,
deconvolutional layers were added after the conventional feature
extraction of convolutional layers, and skip connections were
included between convolutional and corresponding
deconvolutional layers, as we did in our previous study [12].
The purpose of the U-Net network is to conduct segmentation;
this network consists of feature contraction and feature
expansion parts that function as encoders and decoders,
respectively. In this network, a portion of contracted information
is copied and concatenated to the corresponding expansion part,
thereby reducing the amount of information that is lost during
the segmentation process.
The physician-selected main slice image and the previous and
next images were loaded simultaneously from full-stack MRC
images for model training. The cross-sectional area of target
inner ear structures is relatively small in a whole-brain image.
Since this can cause a class imbalance problem, image patches
of 100×100 pixels were acquired from each left and right
reference point. This process is shown with the 3intoUNet
network in Multimedia Appendix 1; 3 sequential MRC image
patches were independently fed into each of the networks, and
features were summated before the addition of deconvolutional
layers. The green dotted boxes represent parts of the network
that perform the same function (ie, the contraction of features
in each input image). This sequential 3-input approach has been
shown to yield high performance in terms of medical image
segmentation [12]. The implementation and analyses of these
models were performed via the Python 3.5 (Python Software
Foundation) environment. The NumPy library was used for
arithmetic calculation, the sklearn and ImageIO libraries were
used for image preprocessing, and the TensorFlow library was
used for model training.
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The developed models were trained with a selectively annotated
data set of 124 subjects. Afterward, the models were fine-tuned
with both the selectively annotated and fully annotated data
sets, per the optimum curriculum learning strategy for the
segmentation of weakly annotated data [12]. Although we
analyzed 4 target organs (the left cochlea, left vestibule, right
cochlea, and right vestibule), the number of representative image
slices per subject varied between 2 and 4 because a cochlea and
a vestibule from each side could have been in the same image
slice depending on the anatomical structure of the person. First,
we trained a model with the selectively annotated data set and
conducted moderate augmentation (1584 times). Afterward, we
fine-tuned the model with both the fully annotated and
selectively annotated data sets and conducted high augmentation
(14,544 times). Therefore, the original 262 slices from the
selectively annotated data set were augmented to 412,008 slices,
and the initial 372 slices from the fully annotated and selectively
annotated data sets were augmented to 5,410,368 slices for
training. For augmentation, image patches were randomly
flipped along the horizontal direction, cropped via random
shifting (ie, from a reference point), and had their pixel intensity
changed. There was a wide range of variation between the
augmented images and the original image (eg, differences in
intensity, shifted cropping areas, etc), and the physicians agreed
to use the augmented images as training inputs.
Fivefold cross-validation was conducted, and segmentation
performance was evaluated by measuring the intersection over
union (IoU) between the ground truth areas (clinician-annotated
region) and prediction areas (model-based, automatically
determined region). The IoU was calculated as follows:
IoU = area of overlap/area of union = Aoverlap/(AGT +
Apred − Aoverlap) (1)
In equation 1, AGT is the ground truth area, Apred is the prediction
area, and Aoverlap is the intersection between AGT and Apred. The
model was trained on graphical processing units (NVIDIA GTX
1080Ti; Nvidia Corporation). The parameters were determined
via grid searching and optimized to a learning rate of 1e−5 with
the Adam optimizer [17]; a dropout rate [18] of 0.4 and batch
size of 4 were used. Batch normalization and mean subtractions
were performed to prevent internal covariate shifts.

Full-Stack Image Segmentation of an Additional Test
Data Set
Once model training was completed, the model was tested with
an additional data set of unseen magnetic resonance images. As
shown in Figure 1, the full-stack MRC images of a patient were
fed into a deep learning network. Slice indices that represented
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cochleae and vestibules were selected from a stack of
segmentation results. The selected results were applied to
HYDROPS-Mi2 patches as masks, and EH ratios were
calculated for segmented regions.
Figure 2 shows the process of conducting a full-stack magnetic
resonance image segmentation analysis by using the test data
set. A subject's full-stack images were given an index number
that ranged from 1 to the total number of slices (N). Figure 2
shows a subject's full-stack MRC image patches for the left and
right ears and their corresponding segmentation results. The
INHEARIT-v2 platform–selected representative slice for each
class was indicated by a cyan-colored slice boundary. Figure 2
also shows the segmentation results and the MRC patches for
a selected index number and the ground truths of each class. In
this example, the selected index number was identical to the
ground truths of all classes. The system chose the representative
slices for each class—the left cochlea, left vestibule, right
cochlea, and right vestibule—based on the size of the segmented
area in each class. The representative key slice selection process
was formulated as follows:

In equation 2, i is a slice index, N is the total number of
segmented images of a subject, sic represents a segmented area
in the ith slice in class C, IC is the key slice index of class C,
and Sc is the segmented region in the key slice in class C. Thus,
the key slices with the largest segmented areas for each class
were selected. The slices chosen by the INHEARIT-v2 system
and human experts were compared, and the index distance
between the slices was calculated. The chosen segmentation
results were used as masks for EH ratio calculation in the next
step.
The EH ratio was estimated by using a HYDROPS-Mi2 image,
which is an image that is generated via the pixel-wise
multiplication of HYDROPS and MRC image signals [11] for
a given index slice. The EH ratio is defined as follows [12]:
EH ratio = Total number of pixels with a negative
value in the segmentation area/total number of pixels
in the segmentation area (3)
The above equation (equation 3) can be restated as follows:
EH ratio = (PCSeg ∩ PCNeg)/PCSeg (4)
In equation 4, PCSeg denotes the total number of pixels in the
segmented area in class C, and PCNeg denotes the total number
of pixels with negative values in class C.
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Figure 2. The full-stack magnetic resonance image segmentation analysis process for the test data set. A: A full stack of MRC images and their
segmentation results. B: Representative slices and the segmentation results of each class. AI: artificial intelligence; MRC: magnetic resonance
cisternography.

Statistical Analysis
The agreement between the values calculated by experts (the
neuroradiologist and the neuro-otologist) and the
INHEARIT-v2–predicted values was measured by using a
single-score intraclass correlation coefficient (ICC), which was
based on a two-way model and Pearson correlation coefficient.
The analyses were performed by using R software (The R
Foundation) [19].

Results
Model Experiments
Table 1 shows the segmentation performance of the developed
artificial intelligence–based models—the 3into3VGG,
3into3Inception, and 3intoUNet networks. Average performance
values were represented as the average IoU values from the
fivefold cross-validation with SDs, which were 0.761 (SD 0.036)
for 3into3VGG, 0.784 (0.025) for 3into3Inception, and 0.811
(0.032) for 3intoUNet. The U-Net–based model, 3intoUNet,
had the highest mean area under the receiver operating
characteristic curve. Therefore, the 3intoUNet model was used
for the additional test.

Table 1. The segmentation performance of the proposed networks—3into3VGG, 3into3Inception, and 3intoUNet. These networks were based on the
Visual Geometry Group-19, Inception-v3, and U-Net networks, respectively. The results are represented as the average intersection over union values
from the fivefold cross-validation with SDs.

a

Networks

IoU,a mean (SD)

3into3VGG

0.761 (0.036)

3into3Inception

0.784 (0.025)

3intoUNet

0.811 (0.032)

IoU: intersection over union.

Additional Test With the Full-Stack Image Data Set
The data set of magnetic resonance images that were collected
from 60 new participants (males: n=19; females: n=41; age:
mean, 47.1 years, SD 15.27 years; range 21-68 years) for an
additional test consisted of 33 subjects with definite Ménière
disease (unilateral or bilateral), 17 subjects with sensorineural
hearing loss and vertigo, and 10 normal subjects without any
symptoms.
System validation was performed on the full-stack images of
the subjects. Each image consisted of 104 MRC axial-view
image slices, and 3 sequential slices—the main axial-view image
slices and the previous and next slices—were fed into the trained
model as an input. The model automatically segmented the

https://www.jmir.org/2021/9/e29678

XSL• FO
RenderX

organs by simultaneously analyzing the three input images and
generated a segmentation result as an output. A total of 102
segmented output images were acquired from a subject's stack,
and 1 image from each class was selected as a representative
result.
With regard to the total 240 image slices of the target organs
of 60 subjects, the distance (ie, the number of slice indices)
between the manually selected image slices and system-selected
image slices was 0 for 105 cases (43.8%), 1 in 233 cases
(97.1%), and 2 in 240 cases (100%), as shown by the graph in
Figure 3. This means that the representative magnetic resonance
slices (ie, from a data set of unseen magnetic resonance images)
that were automatically selected by the INHEARIT-v2 system
only differed from a maximum of 2 expert-selected slices.
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Figure 3. Performance of the inner-ear hydrops estimation via artificial intelligence-version 2 (INHEARIT-v2) system in finding the representative
slice index in the magnetic resonance image stacks of 240 target organs of 60 subjects.

Agreement Analysis of EH Ratios That Were
Calculated by Using the Test Data Set
HYDROPS-Mi2 images were generated at the selected slice
index, and EH ratios were calculated for all additional test cases.
A case example of segmentation and EH visualization is

represented in Figure 4; an MRC patch for a left ear was
segmented, and the EH of the left cochlea (as seen in the
HYDROPS-Mi2 patch) is shown in orange. The segmented
result was used as a mask. A hydrops was overlaid on the
segmented result, and the calculated EH ratio was 0.633.

Figure 4. Visualization of an endolymphatic hydrops in a left cochlea. A: Magnetic resonance cisternography patch (left ear). B: Left cochlea segmentation
result. C: HYDROPS-Mi2 patch (left ear). D: Endolymphatic hydrops. E: Endolymphatic hydrops in the left cochlea. HYDROPS-Mi2: hybrid of the
reversed image of the positive endolymph signal and native image of the positive perilymph signal image multiplied by T2-weighted magnetic resonance
cisternography.
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INHEARIT-v2–estimated EH ratios was calculated. The average
ICC value for all cases was 0.941; the average ICC of the

Park et al
vestibules was 0.968, and that of cochleae was 0.914 (Figure
5). The average INHEARIT-v2–based calculation time was
3.585 seconds (SD 0.642 seconds) per subject.

Figure 5. The correlation between physician-calculated (ground truth) EH ratios and those predicted by the proposed platform (based on the segmentation
area). EH: endolymphatic hydrops.

Discussion
Principal Findings
Due to the development of MRI machines, data and image
processing technology, big data, and cloud systems, the role of
artificial intelligence in the medical field will likely increase
with time. Recently, algorithms have begun to help clinicians
in real-world clinics and have been used to predict clinical
outcomes that are useful for health care systems [3]. We
developed a fully automated analytic system—the
INHEARIT-v2 system—for calculating EH ratios by using deep
learning and MRI. The INHEARIT-v2 system automatically
segmented cochleae and vestibules in brain MRC images and
detected representative slices for these organs. The system
estimated the EH ratios of segmented regions in key image
slices, and the results had a high correlation with those that were
manually calculated by experts during an additional test.
Since the mid-2000s, the analysis of EHs by using 3T MRI has
been widely accepted as a useful method for the diagnosis of
Ménière disease among various groups [10,20]. In particular,
injecting contrast media through an intravenous route is a widely
used MRI method for patients with Ménière disease because it
is less invasive, results in shorter waiting times for patients, and
allows physicians to observe both ears simultaneously [11].
Recently, hydropses have been evaluated in several studies
either by precisely dividing each area of the cochlea and
vestibule or by using a 3D model to measure the whole volume
of the endolymphatic space based on magnetic resonance images
[21,22].
Recent medical image studies have reported the development
of fully automated analytic systems. The implemented tools
https://www.jmir.org/2021/9/e29678
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were designed to provide end-to-end workflows to minimize
the amount of human intervention during analysis [23,24].
Several recent studies used deep learning techniques to segment
inner ears and related organs in medical images. Some studies
were conducted on computed tomography images to segment
other organs, such as the sigmoid sinus, facial nerves, or
temporal bones [25,26]. Another study analyzed magnetic
resonance images for labyrinth segmentation [27]. These studies
analyzed various ear-related organs in 3D space, but the main
purpose of segmentation was primarily anatomical visualization
for surgical planning. However, our study is different because
the objective of segmentation was to calculate EH ratios in
patients with Ménière disease by conjoining different magnetic
resonance image modalities.
The results of our study substantially complemented the
limitations of our previous study [12]. Although our former
results laid the foundation for conducting EH analyses with
deep learning technology, in this study, the improvements
allowed for immediate clinical diagnosis and follow-up.
Consequently, the accuracy of the EH analysis increased, and
even if a human expert did not choose a representative image
slice, the representative section was automatically extracted
from the magnetic resonance image stack and analyzed
successfully.
Another technical improvement over our previous study is that
in this study, various deep learning models, such as the U-Net
and Inception-v3 networks, were used as a base architecture.
We developed a better performing model that effectively
segmented inner ears. Furthermore, an additional test was
performed to prove the robustness of the system. By developing
the INHEARIT-v2 system, expert interpretation became much
easier and faster, and more objective analyses were possible.
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The best performance, which was based on the mean area under
the receiver operating characteristic curve from the fivefold
cross-validation, was achieved by the 3intoUNet network, which
was based on the U-Net architecture. The U-Net network is
designed for medical image segmentation [16]. As such, it is
distinguishable from other deep learning models, such as
VGG-19 and Inception-v3. Further, it was initially developed
for the classification of raw images, such as those of a car,
building, or human [13,15]. The 3intoUNet network allows for
the analysis of consecutive images, similar to how medical
experts browse an MRI stack to identify the location of a target
organ. This serial-image training approach was suggested in
our previous study on using a VGG-19–based model, which
proved to be effective in a medical image segmentation task
[12]. The same approach was successful for both the
U-Net–based and Inception-v3–based networks. Since inner
ears occupy only a small portion of the area (<60 pixels) in
whole-brain images (384×324 pixels), the 3intoUNet network
has a generalizable architecture for analyzing full-stack magnetic
resonance images.
With regard to the performance of the system in automatic
representative slice selection, when compared to physicians’
choices, the system’s choices had a gap distance of ≤2 for 100%
(240/240) of the test data set. The physicians' goal was to select
a key slice of an organ based on the organ's anatomical
relationship with other organs [12], whereas the system's goal
was to locate the slice with the largest segmented area for each
organ. Despite the possible minimal misalignment between the
automatically selected and manually selected key slices, the
correlation between the INHEARIT-v2–calculated and
physician-calculated EH ratio values was high, indicating that
the amount of misalignment did not substantially affect the EH
ratio calculation. Based on our results, measuring the entire
hydrops volume of the cochlea and vestibule for diagnosis is
unnecessary.
Several concerns might arise when artificial intelligence systems
are used in real clinical settings. In this study, we found that
using such artificial intelligence systems could be an alternative
to manually measuring hydrops ratios in real settings. However,
this does not mean that Ménière disease can only be diagnosed
by this system. The cutoff value for the EH ratio was not clearly
defined during the diagnosis of definite Ménière disease. Future
studies for estimating the EH ratio cutoff value in the diagnosis
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of definite Ménière disease are still needed. In addition,
HYDROPS-Mi2 images were used to analyze EH ratios.
However, these images were acquired via software modification,
and hydropses in modified images can be more exaggerated
compared to those in original images. The final concern is that
Ménière disease is a multifactorial disease, which means that
making an accurate diagnosis is typically a very complex
process. Other diseases that mimic the symptoms of Ménière
disease should be ruled out in clinical settings. The main purpose
of hydrops measurement via artificial intelligence is to provide
clinical support, which can be helpful for medical professionals
when making a final clinical diagnosis.
Future studies can include additional normal control subjects
to determine the optimal EH ratio threshold by comparing
individuals with Ménière disease and healthy individuals without
the disease. However, the association between clinical symptoms
and EHs is not uniform from patient to patient; thus, such
analyses require a clinician's comprehensive judgment [28]. To
improve these analyses, in addition to magnetic resonance
images, a model for analyzing heterogeneous data, such as the
clinical variables used for diagnosis, can be applied to the deep
learning algorithm. In addition, because the cause and
mechanism of Ménière disease have not been fully elucidated,
such technology can be widely used for the differential diagnosis
of other conditions that are thought to be associated with EHs
[29].
Notably, we fully automated the calculation of EH ratios by
developing an analytic system—the INHEARIT-v2 system—by
using MRI and deep learning, which have important clinical
implications. Although several aspects should be further
investigated, this framework will be a helpful tool for clinicians
who adopt an MRI analysis approach for diagnosing patients
with Ménière disease.

Conclusion
We developed a fully automated system—the INHEARIT-v2
system—for calculating EH ratios by using deep learning and
MRI. The proposed system can quickly and accurately analyze
EHs without the intervention of an expert of various inner ear
diseases, including Ménière disease experts. This automatic
system can perform objective and time-saving analyses for
assessing the EH ratios in the inner ear magnetic resonance
images of patients with Ménière disease.
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Abstract
Background: Recently, artificial intelligence technologies and machine learning methods have offered attractive prospects to
design and manage crisis response processes, especially in suicide crisis management. In other domains, most algorithms are
based on big data to help diagnose and suggest rational treatment options in medicine. But data in psychiatry are related to behavior
and clinical evaluation. They are more heterogeneous, less objective, and incomplete compared to other fields of medicine.
Consequently, the use of psychiatric clinical data may lead to less accurate and sometimes impossible-to-build algorithms and
provide inefficient digital tools. In this case, the Bayesian network (BN) might be helpful and accurate when constructed from
expert knowledge. Medical Companion is a government-funded smartphone application based on repeated questions posed to
the subject and algorithm-matched advice to prevent relapse of suicide attempts within several months.
Objective: Our paper aims to present our development of a BN algorithm as a medical device in accordance with the American
Psychiatric Association digital healthcare guidelines and to provide results from a preclinical phase.
Methods: The experts are psychiatrists working in university hospitals who are experienced and trained in managing suicidal
crises. As recommended when building a BN, we divided the process into 2 tasks. Task 1 is structure determination, representing
the qualitative part of the BN. The factors were chosen for their known and demonstrated link with suicidal risk in the literature
(clinical, behavioral, and psychometrics) and therapeutic accuracy (advice). Task 2 is parameter elicitation, with the conditional
probabilities corresponding to the quantitative part. The 4-step simulation (use case) process allowed us to ensure that the advice
was adapted to the clinical states of patients and the context.
Results: For task 1, in this formative part, we defined clinical questions related to the mental state of the patients, and we
proposed specific factors related to the questions. Subsequently, we suggested specific advice related to the patient’s state. We
obtained a structure for the BN with a graphical representation of causal relations between variables. For task 2, several runs of
simulations confirmed the a priori model of experts regarding mental state, refining the precision of our model. Moreover, we
noticed that the advice had the same distribution as the previous state and was clinically relevant. After 2 rounds of simulation,
the experts found the exact match.
Conclusions: BN is an efficient methodology to build an algorithm for a digital assistant dedicated to suicidal crisis management.
Digital psychiatry is an emerging field, but it needs validation and testing before being used with patients. Similar to psychotropics,
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any medical device requires a phase II (preclinical) trial. With this method, we propose another step to respond to the American
Psychiatric Association guidelines.
Trial Registration: ClinicalTrials.gov NCT03975881; https://clinicaltrials.gov/ct2/show/NCT03975881
(J Med Internet Res 2021;23(9):e24560) doi:10.2196/24560
KEYWORDS
suicide; bayesian network; smartphone application; digital psychiatry; artificial intelligence

Introduction
The recent adoption of smartphone health applications that
collect data (weight, exercises, etc) and allow the consumer to
see graphs and diagrams illustrates the sociological and
psychological power of digital self-care and self-management.
This phenomenon is of particular importance for adolescents
and young adults. However, asking patients to fill in scales or
questionnaires on their smartphone instead of on a computer or
a paper is not new. This is called ecological momentary
assessment (EMA), a naturalistic method to access clinical data
[1]. However, to be useful for users, there is a need for advice,
therapeutic care, or at least personalized feedback related to the
answers provided, which could be the field of ecological
momentary intervention (EMI).
With the development of machine learning, it is obvious that
EMI will have significant implications in the future. There are
only a few experiences in psychiatry with EMI, but recent
reviews suggest that results are very promising in mood
disorders, anxiety, and schizophrenia [2-5]. However, those
apps have different approaches. Some of them focus on
providing in-app therapy, such as iBobbly [6], SuperBetter [7],
Get Happy [8], or ACT Smart [9]. Few of them provide a more
personalized therapy according to EMA answers from a medical
team (connected device) such as MONARCA (monitoring
treatment and prediction of bipolar disorder episodes) [10] or
more automated like PRISM (the person real-time intervention
for stabilizing mood) [11]. Except for Mindstrong [12], which
uses digital phenotype (ie, no psychological data but only digital
use skills such as typing or screen scrolling), none of them are
using in-app artificial intelligence (AI) based on EMA data.
Interestingly, and somehow counterintuitively, the efficacy of
these apps for depression and anxiety is better when they are
not part of a program with human interactions [2,13]. This could
be an argument for more intuitive and personalized apps capable
of being independent of direct care. We also know that the fill
rate is higher when patients have more severe symptoms [14].
Suicide attempts (SAs) are a major health care issue and could
be an interesting focus for add-on smartphone app care. Suicide
is a highly challenging multifactor process encompassing
genetics, psychological, social, cultural, and life-experienced
trauma influences [15]. More than 25 million people worldwide
attempt suicide each year, and around 800,000 people die from
suicide [16]. Repeated epidemiological studies show that SA
history is one of the major risks of suicide. Within a year of the
SA, the repetition rate in adolescent and young adult populations
ranges from 15% to 28% [17]. Rates of repetition are higher
within 6 months of the previous SA [18]. To date, no suicide
prevention program is better than others, and all of them require
https://www.jmir.org/2021/9/e24560
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the active participation of health care professionals (eg, training,
calls, interviews, etc) [19]. However, studies have shown that
personalized brief contact interventions reduce recurrence after
an SA [20]. A specific and personalized app could optimize
these strategies.
Therefore, to prevent a patient’s SA and suicide, we have created
an EMA plus EMI new approach based on a mobile health care
application. Our application, which is not connected to the
medical team via the internet, will collect data from the patient
twice a day regarding anxiety, mood, and sleep disorders, with
decreasing frequency during 1 year. The data entries by the
patient will be made via analogic visual scales and drop-down
lists. Then, algorithm-based feedback enhanced with AI will
proactively inform the patient with comments and advice based
on the World Health Organization’s recommendations or
associated self-coping or mindfulness practices.
The aim is to position our smartphone application like a health
care partner, which is why we named it “Medical Companion.”
However, to be relevant, our app needs to encompass AI.
Many specialists are convinced that AI and machine learning
will be major breakthroughs in medicine and psychiatry [21-23]
and could disrupt the practices [24]. Machine learning is a
computational strategy that automatically determines (learns)
methods and parameters to find the best solution for a problem
rather than provide a previously set solution programmed a
priori by a human. The strength of machine learning is its ability
to explore multiple patterns in complex data. The algorithms
used in machine learning can categorize, cluster, and predict by
using supervised and unsupervised techniques. The most used
algorithm is the support vector machine, a multivariate
supervised learning technique that classifies subjects into groups
within a margin-based statistical framework.
Promising achievements have been reached by this kind of
bottom-up analysis with machine learning. For example, in
medical imaging, researchers used more than 1000 anonymous
patient X-rays to train a naïve Bayesian network (BN) to detect
tuberculosis [25]. The algorithm had close to a 100% accuracy
rate. There are several recent reviews and perspectives in this
field [22,26-28].
The same approach has been used in psychiatry, with a research
focus on diagnosis, treatment effect prediction, and outcome
prediction. Authors used physiological markers [29],
neuroimaging data [30] or clinical specific scales [31] with up
to 75% accuracy [30,32].
However, for optimal accuracy, machine learning needs a
substantial amount of data. Contrary to biological or imaging
data, clinical psychiatry produces heterogenic data often
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associated with poor availability and management [21,33].
Moreover, this prediction bias increases with large samples
when calculated with probabilistic statistics [21,33,34].
Therefore, some authors suggest the use of more expert-based
algorithms using BN [35,36]. Our goal is to create an algorithm
that selects different types of pre-established advice based on
each individual’s limited data.
Our algorithm, developed with this expert BN technique, will
achieve a high level of personalized advice and comments based
on individual answers to our in-app questions.
This paper describes the method to build the algorithm. It is
part of a large trial, oriented on clinical efficiency and designed
per recent American Psychiatric Association (APA) guidelines
for digital devices [37]. We are currently working on the
smartphone application by itself, and we will run a clinical trial
to evaluate its feasibility, efficacy, and use (clinical trial
NCT03975881) in real life.

Methods
Theoretical Background of BN
Pearl [38] defines a BN as a probabilistic graphical model that
allows the representation of a set of variables and their
probabilistic relationships using a directed acyclic graph (DAG).
By connecting the cause to the effect with an arrow, we obtain
the most intuitive graphical representation of the influence of
one event, one act, or one variable on another. It models the

Mouchabac et al
causal relationships well. Interestingly, BNs are knowledge
representation models that can be built from expert experiences.
Furthermore, a BN can learn from data, updating knowledge of
the status of a subset of variables when other variables
(the evidence variables) are observed and perform inferences
by an incremental process.
A BN is an annotated DAG that encodes a joint distribution for
a random set of variables X. Formally, a BN for X is a pair: B
= [G,Θ]. For a summary of notations used in the text, see
Textbox 1.
The first component G= (X, U) is determined by a set of
variables X = {X1, X2...Xn} whose elements are called vertices
or nodes and a set U = {u1, u2,..., um} of the Cartesian product
X × X whose elements are called arcs or edges, which represent
the direct dependencies between the variables. For an arc u =
(Xi, Xj), xi is the initial end (origin), Xj is the final end
(destination). An arc u is directed, starting from Xi and arriving
at Xj. Above all, the graph G encodes independence assumptions
to satisfy the local Markov property—each variable Xi is
independent of its nondescendants given its parents in G.
The second component of the pair, namely Θ, represents the set
of parameters that quantify the network. It contains a set of
conditional probability distributions (CPD) Θi = PB (Xi|InΠi)
for each variable Xi, where Πi denotes the set of parents of Xi
in G.

Textbox 1. Notations used in the text and their meaning.
•

B: Bayesian network

•

G: Graph

•

Θ: Set of parameters that quantifies the network

•

X: Node variable in the model

•

Πi: Set of parents of Xi

•

U: Set of edges

•

u: An arc

The BN defines a unique joint probability distribution over X
given by:

In BNs, conditional probability tables (CPTs) associated with
each node should be defined to measure the relationships
between variables. However, it has been pointed out that it is
usually difficult to quantify the CPTs due to the complexity of
the BN, which is defined by its dimension (ie, the number of
independent parameters used to describe its CPD).

where ri is the cardinality of Xi and
is the number of
configurations of the parents of Xi. If Xi has no parents, qi=1.
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So, if a binary variable has n binary parents, the corresponding
contribution qi of its CPD to the model complexity is exponential
and equals 2n, since each rj=2. Specifically, the elicitation of
all BN probabilities is a complex and time-consuming task. To
simplify a CPT, we can use a noisy-or model (NOM) where the
number of probability values to estimate is now proportional
to the number n of parents. Thus, it allows for simplifying the
CPD [38].

Building a BN From Expertise
The knowledge bases are built to formalize our knowledge in
specific domains and support our reasoning on events and
decisions in a structured way. A BN is a declarative (“knowing
what”) knowledge-representation formalism constructed from
expertise. Due to its probabilistic content, it allows for exploiting
more efficiently the structure of the knowledge bases.

J Med Internet Res 2021 | vol. 23 | iss. 9 | e24560 | p.1346
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
Constructing a BN from expertise is based on several steps. For
this purpose, Kjaerulff and Madsen [39] divide the process into
2 tasks: (1) structure determination, representing the qualitative
part of the BN, and (2) parameter elicitation, with the conditional
probabilities, corresponding to the quantitative part.
Determining the structure requires skills, inventiveness, close
communication with experts, and a high level of expertise. This
process needs to address 2 main tasks: (1) identification of the
relevant variables and (2) identification of the links between
the variables.
The parameter elicitation makes the tacit knowledge as explicit
as possible (and therefore easier to convey) and formalizes the
expert's reasoning in an inference engine. It aims at eliciting
subjective conditional probabilities from expertise to artificially
reproduce the analysis of the situation and the decision-making
of the expert. Finally, expert domain knowledge can be handled
as prior distribution, but it is not certain that the expert has the
experience to formulate valid probability judgments naturally.
Authors point out that the experts must be assisted by an
experienced probabilistic facilitator who will provide feedback
to the experts, for example, by using simulations [40].
Inconsistencies will be discussed and will allow the model to
be adjusted. Inversely, the facilitator needs a clear understanding
of the decision problem for which an elicited probability
distribution is required.
Many elicitation methods exist, but the most popular is the
roulette method (or the “chips and bins method” or histogram
method) [41]. It is prized by the experts because it provides
visual feedback in the form of histograms.

Building Our BN
Our project (clinical trial NCT03975881) is an innovative
approach to prevent the relapse of SAs and suicides in patients
with a previous SA. It is the core of our healthcare smartphone
application. The program is an add-on to the usual care process
and is built to work autonomously. The BN will help to:
1.
2.
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anxiety, as well as a measure of the presence and the severity
of suicidal ideation. The intensity measures of suicidal thoughts
were adapted from specific psychometric scales (ie, the
Columbia-Suicide Severity Rating Scale) [44]. Others are
behavioral markers that can be disturbed if the patient's clinical
condition changes (eg, the use of video games) or may promote
suicidal ideation (eg, substance use disorder).
We had 9 clinical dimensions, 23 questions, and 10 pieces of
advice. All questions were linked according to clinical
knowledge and translated into the BN model. Categories were
anxiety, sleep, appetite, physical complaints (eg, headache,
stomach pain, etc), cognitive impairment (concentration and
memory), mood, suicidal thought and behavior, and addictive
behavior (eg, alcohol, tobacco, screens, and games, etc).
To simplify and fit a four-level Likert scale, an expert group
created the questions to approach the mental state category. For
example, “How anxious are you?”, “How much were you able
to cope with your anxiety?” and “How long were you anxious
during the last day?” For the last question, instead of “absent,”
“low,” “medium,” or “high,” we opted for “none,” “less than 1
hour,” “from 1 to 3 hours,” and “almost all day.” All questions
were a priori scored by an expert according to the BN structure.
All patient answers were made of visual analog scales (VASs).
The formulated questions were slightly modified every day (and
twice a day during the first weeks) to avoid a perception of a
process that seems too “automatic.”
More precisely, the discussions between the experts led us to
identify 3 variables for each factor, described as follows:
1.

2.

Estimate actual psychiatric and behavioral state based on
users' answers to in-app questions.
Match the estimated state with appropriate and accurate
preexisting advice and care provided by the smartphone
app.

Variables Determination for Estimating Behavioral and
Psychiatric State
At first, we have identified contextual variables that are
mandatory data in any clinical study (ie, age, gender, type of
SA, date, and localization). Only age and gender will be
exploited in the algorithm to reduce the required amount of
expert estimation. Then we defined clinical questions related
to the mental state of the patients. All questions (Q) have been
provided by experts in the form of a single choice and are related
to specifics factors. The elicitation of each clinical dimension
corresponds to a set of questions Q = {Q1…Qm}.
The clinical dimensions were chosen for their known and
demonstrated link with the suicidal risk in the literature [42,43].
Some are clinical markers related to depression (mood, cognitive
retardation, sleep or appetite disorders, and physical pain) or
https://www.jmir.org/2021/9/e24560
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Immediate value of factor (IF) corresponds to the measure
in percentage extracted from the questions for the VAS at
instant t.
Cumulated value of factor (CF) is the mean of time-repeated
immediate value. If we consider that the weight given to
each datum is equivalent, the more the data increases, the
lower the weight of each datum, which will decrease the
responsiveness of the system (ie, the anxiety experienced
several weeks ago might not have the same impact for
calculating an estimated state than a few hours ago). To
address this issue, we have introduced a forgetting factor
α to reduce the weight of older data as follows:
•
CFnew = (1-α) × IF + α × CFold
•
If α=0, no aggregation, CF=IF; if α=1, no update, the
CF remains unchanged.
Contextual severity (CS) corresponds to a discrete variable
with a domain (high, medium, low, absent) that describes
the seriousness of one given dimension with respect to one
given context (which is the CF describing the user
characteristic). For instance, for some dimensions, a high
IF is “severe” when the CF for this dimension is also high,
but it is less serious when the CF is low (ie, if a patient
anxiety state is “none,” a single high anxiety score stays
relatively low compared to a patient who is repeatedly
anxious, independent of their level of immediate anxiety).

Structure Determination of the BN
The BN structure (Figure 1) models the expert way such as:
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(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
1.
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The state regarding one dimension can vary according to
the patient context, but as contextual variables, only age
and gender are included in the model.
The patient will not answer a question regarding his state
similarly for the corresponding dimension (eg, answers
concerning anxiety will be different if he is usually very
anxious vs not anxious).
The severity of one specific dimension depends on a
“comparison” between its IF and CF, confronting temporal
aspects of states.
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4.

Each advice depends on the severity of potentially several
dimensions because it could be triggered by one or many
dimensions.

The CS of a specific dimension depends on both IF and CF.
The combination of different CS from a selected set of
dimensions gives the most efficient advice related to those
dimensions. Nodes are represented as circles and edges as
arrows. Responses to each question (Q) associated to each
dimension depend on the IF of the dimension, and they become
independent of each other if we know the value of IF.

Figure 1. Bayesian Network Structure. CF: cumulated value of factor; CS: contextual severity; IF: immediate value of factor; Q: question.

Parameters Elicitation
According to the 2-task process described by Kjaerulff and
Madsen [45], we identified from the previous structure the
following parameters (ie, CPD) to validate the work of our
experts. Due to the high number of dimensions used in this work
and the large volume of data, we chose to illustrate this part
only with a selected factor, anxiety, because it is a dimension
whose severity can change very acutely. Therefore, we can
illustrate the model’s reactivity to an acute change of clinical
state. The same has been applied to each dimension.
For each dimension I, we defined an a priori probability as
follows: P(IFi=high), P(IFi=medium, P(IFi=low), and
P(IFi=absent) so that a “random” patient will be associated
with this dimension to the corresponding level (high, medium,
low, and absent) regarding his context (age and gender). P(CFi)
will be initialized to P(IFi).
For each question related to its dimension, P(Q = j/IFi = k ) is
the probability that the answer of this question Q will be the jth
one, given that the patient IF is in its kth level.
The main issue is to estimate how a specific individual with
specific clinical characteristics may answer a question about
his specific state with sufficient accuracy. However, there are
no epidemiological or clinical works available with such a level
of detail regarding the studied population. Thus, it is impossible
to refer to scientific data for the percentage of patients with a
medium level of anxiety answering low anxiety to a question
asked. Through their knowledge and experience, experts may
be able to provide accurate answers. To estimate the value in
the domains (absent, low, medium, and high), we use probability
calculations as follows:
https://www.jmir.org/2021/9/e24560
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P(CSi/IFi,CFi): Defined the severity given the dimensions’
IF and CF.
P(advice/CS1...CSp): The scoring depends on all the
dimensions’ severity, specifically, CS, and as previously
described in the theoretical background section of BN, a
NOM distribution is used to simplify this dependency.

Experts also offered advice addressing many efficient actions
for suicidal crisis management such as lifestyle, sleep, relaxation
or mindfulness exercises, management of social rhythms,
physical activity, and emergency solutions (ie, calling person
in the patient’s pre-established circle of confidence, exercising
with abdominal breathing, practicing mindfulness or relaxation,
and calling emergency services) [44].
Each piece of advice might be useful for every factor but at
different levels of accuracy. Therefore, the advice must have a
good sensitivity (ie, if it is essential, the system must not omit
it). Similarly, if it is not essential given the patient's state, it
should not be triggered in excess, so it must have good
specificity. For this purpose, experts have estimated the a priori
probability P(advice/ CS1...CSp) of advice efficiency due to the
intensity of each factor.

Algorithm Accuracy Testing by Simulation
Step 1
Building the algorithm is a multistep process. First, we perform
a simulation of the first data set for mental state provided by
the expert (Table 1) using the BN simulation model. Our model
generates three distributions of factors: (a) a priori, (b) when
all answers associated with the factor are the highest and have
very severe scoring P(++), and (c) when all answers associated
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with the factor are the lowest and have less severe scoring P(--).

Mouchabac et al
Simulations are made for each category of mental state.

Table 1. Expert-based Bayesian network construct regarding anxiety.
What is your level of
anxiety?

Distribution for 100 subjects Distribution for 100 subjects Distribution for 100 subjects
with no (absent) anxiety
with low level of anxiety
with medium level of anxiety

Distribution for 100 subjects
with high level of anxiety

No anxiety

100

5

0

0

Low anxiety

0

90

15

5

Medium anxiety

0

5

80

15

High anxiety

0

0

5

80

Total

100

100

100

100

Step 2
Return to the expert with simulation results. If simulations are
accurate regarding medical expert knowledge, step 3 is possible.
If not, experts provide a new data set, and we rerun step 1.
Step 3
Next, we perform a simulation of the first data set for the advice
provided by experts using the BN simulation model (Table 2).
Our model generates incremental updates (1 to 15 successive
scorings by patients) of (a) IF in a specific pattern of the first 9
successive scorings at the lowest score, (b) CS values (based

on CF) in a specific pattern of the first 9 successive scorings at
lowest score then, IF in a progressive increasing severity pattern
from scoring 10 to 15, (c) CS values (based on CF) in a
progressive increasing severity pattern from scoring 10 to 15
then, IF for an immediate highest severity scoring starting at
answer 10 lasting until answer 15, (d) CS values (based on
cumulated severity) for an immediate highest severity scoring
starting at answer 10 lasting until answer 15, and (d) for each
of the 1 to 15 scorings in both patterns (ie, immediate or
progressive), our algorithm will generate the advice and
recommendations.

Table 2. Conditional probability of contextual severity as a function of the immediate value and cumulated value of a given factor.
CFa and IFb

Contextual severity function of CF and IF
High

Medium

Low

Absent

Medium

0.98

0.02

0

0

High

0.99

0.01

0

0

Low

0.9

0.1

0

0

Absent

0.85

0.15

0

0

High

0.19

0.8

0.01

0

Medium

0

0.99

0.01

0

Low

0

0.71

0.28

0.01

Absent

0

0.66

0.3

0.04

High

0.11

0.23

0.65

0.01

Medium

0

0.19

0.8

0.01

Low

0

0.01

0.98

0.01

Absent

0

0.01

0.7

0.29

High

0.05

0.15

0.3

0.5

Medium

0

0.12

0.23

0.65

Low

0

0.01

0.19

0.8

Absent

0

0

0.01

0.99

High

Medium

Low

Absent

a

CF: cumulated value of factor.

b

IF: immediate value of factor.
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Step 4
Different values and their distribution along the train of different
pre-established scoring are presented to experts for review. They
are asked to examine the accuracy and consistency of the advice
proposed compared to their clinical expertise and knowledge.
Then, if necessary, changes are made in the model, and the
simulation is rerun beginning with step 3. Reviews and reruns
are made as many times as necessary to achieve our goal. Expert
opinion is a qualitative variable (yes or no).

Results
Simulations were done according to our 4-step methodology.
For each run, experts provided estimations regarding the
distribution of answers in specific populations (Table 1). Experts
are asked to estimate for 100 subjects with a specific state
regarding anxiety (absence, low, medium, or high) how they
should answer, and what would be the distribution of answers
(no, low, medium, or high) because not all highly anxious
patients will submit a high anxiety rating. This corresponds to
P(answer(Q)/IFi).
At each run, we calculated the conditional probability of CS as
a function of the IF and CF of a given factor (Table 2). For
example, if the IF and CF are high, the probability that CS will
be high is 0.99 (expressing few changes). But if IF is low, with
a high CF, the probability that the CF remains high is 0.9 and
zero for low and absent anxiety, respectively.
The distribution of dimensions can be seen in Figure 2. After
two simulation runs, the experts found that the advice proposals
were accurate. The a priori status is a distribution of all 4
severity levels (absent, low, medium, and high) as proposed by
the experts. In the two extreme conditions (lowest and highest
severity), the experts are far less heterogeneous and become
more accurate regarding clinical knowledge. Priori denotes the
expert estimated distribution of answers by severity in our
population of patients with previous SAs (absent in blue, low
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in green, moderate in orange, and severe in red). A P(++) rating
of users’ scores illustrates a severe rating for all questions related
to anxiety, and we calculated the algorithm-generated score for
each related category of mental state. A P(--) rating of users’
score demonstrates the lowest rating for all questions related to
anxiety, and we calculated the algorithm-generated score for
each related category of mental state.
In the second phase, the main goal was to achieve an accurate
match between all scoring by categories and the advice. The
experts did provide a priori distribution of answers according
to the BN structures (Table 3). For example, the first line means
“what is the a priori probability that the immediate state is high,
medium, low, and absent knowing that the person is a man aged
above 18 years.
The final simulations of matching answers and advice for
anxiety are provided in Figure 3 and Figure 4, and an example
of an expert-based BN construct is shown in Table 4. Figure 3
represents the final run simulation of the probability of advice
proposal during incremental updates of 15 successive scorings
by virtual patients according to an immediate worsening after
9 successive lowest scores. In Figure 3a, for each dimension,
ordinate scores above zero correspond to IF and below zero CS
values (based on CF). Moreover, in Figure 3b, the normalized
score of the 10 pieces of advice related to anxiety are represented
over the 15 steps of the simulation. Figures 4a and b show the
final run simulation of the probability of advice proposal during
incremental updates according to a progressive worsening after
9 successive lowest scores. Table 4 demonstrates an expert’s
BN construct regarding the “call friends” advice and their
accuracy in categorizing patients with various anxiety levels.
For example, this specific advice might be relevant for 50 out
of 100 patients with low anxiety level and 99 out of 100 with
high anxiety level. This corresponds to P(advice = call
friend/CSanxiety). This construction has been made for each piece
of advice.
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Figure 2. Distribution of probabilities for each dimension, for a priori status (P), high scoring P(++), and absent scoring status P(--).

Table 3. Probability distribution for anxiety of the immediate value and cumulated value a priori based on age and gender.
High

Medium

Low

Absent

>18

0.15

0.15

0.4

0.3

<18

0.2

0.2

0.35

0.25

>18

0.28

0.28

0.22

0.22

<18

0.3

0.3

0.2

0.2

Men, age (years)

Women, age (years)

In the first part of each figure (Figure 3a and Figure 4a), IF and
CS for each dimension are represented. Above zero is the a
priori distribution of IF; below zero reflects the progressive
increase of knowledge (learning ability) represented as CS
becoming progressively the mirror of IF over time.
In the second part of each figure (Figure 3b and Figure 4b),
advice suggestion probabilities are initially fixed in the
proportions of a general population of patients that committed
SA independent of their clinical state. By increasing the
knowledge of the specific clinical state of a given patient (ie,
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with a low and constant level of anxiety), the advice is adapting
and stabilizing. When anxiety IF scoring becomes suddenly (3)
or progressively (4) severe, some of them are rising (eg,
emergencies and calls to referent psychiatrist or the person of
trust), and others are decreasing, finally stabilizing again in
another configuration.
The simulation stops when the advice has the same distribution
as the a priori state and the advice is clinically relevant. After
two simulation runs, experts found accurate matching.
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Figure 3. Final run simulation of the probability of advice proposal during incremental updates (immediate worsening after 9 successive lowest scores).
IPSRT: interpersonal and social rhythm therapy.
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Figure 4. Final run simulation of the probability of advice proposal during incremental updates (immediate worsening after 9 successive lowest scores).
IPSRT: interpersonal and social rhythm therapy.

Table 4. Expert-based Bayesian network construct regarding “call friends” advice.
Contextual severity: call friends, social contacts (circle of proximity) Anxiety
High

Medium

Low

Yes

99

80

50

No

1

20

50

Discussion
Principal Findings
Our results are consistent with our hypothesis and strongly
suggest that BNs are an interesting model for developing
algorithms in highly expert professional fields, especially when
data are unavailable.
Our model showed that depending on the clinical dimensions
of a patient with a stable clinical state, it will rapidly converge
(in three iterations) to a pattern of pertinent advice. In the
example described in Figure 3 and Figure 4 for a patient with
a constant and low level of anxiety, the pattern of advice
converges to a solution that inputs priority advice without
caregivers’ interventions. Indeed, going to the emergency and
calling the referent psychiatrist or a person of trust are not
pertinent advice for this level of severity. When the clinical
state worsens, the model still demonstrates a rapid adaptation
and stabilization to this event. The advice pattern reorders itself
pertinently by prioritizing emergencies and caregiver
https://www.jmir.org/2021/9/e24560
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intervention, and other forms of advice such as mindfulness or
therapy become less pertinent. These less pertinent types of
advice decrease over time when the clinical state worsens
(Figure 3 and Figure 4). They are not directly dependent on the
severity of anxiety, and their absolute probability stays constant.
However, their relative probability (ie, the scores after
normalization across every form of advice) decreases over time.
We also see that the weight of some advice, such as mindfulness
and cardiac coherence, are the same. This might be explained
by the fact that only the weight linked to cognitive retardation
is different. Cognitive retardation does not play a role in a
scenario on anxiety (Figure 3 and Figure 4), showing that its
level of contextual severity stays the same over time and is
independent of the level of anxiety.
As we expect, such an a priori expert model is valuable to test
preclinical situations, and the results of our simulation with
various patient profiles allow us to build a valid BN. The APA
points out that application developers often make many claims,
while the level of scientific evidence that accompanies these
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apps is often quite low [37,46]. In a recent study [47], the
authors analyzed the claims of 73 mental health applications
(the top-ranked applications from the two largest app stores)
for acceptability and efficiency. There was a difference between
positive statements about their effectiveness and acceptability.
They found that less than 53% of these claims were associated
with evidence in the scientific literature, and 33% referred to
techniques for which no evidence could be found.
For this purpose, the APA proposes a hierarchical framework
of 5 levels to evaluate apps [39]. The first level of the model
aims to evaluate the quality of the information referenced by
the application to decide if we can consider using the app.
Scientific data is very important in this step. Levels 2 and
3 constitute the basic medical decision-making process centered
on nonmaleficence. As in any therapeutic intervention or
evaluation, apps induce risks that must be scientifically
evaluated but are often overlooked; that is the goal of the second
level. Level 3 aims to evaluate the necessary scientific evidence,
providing us reasons for potential use. Level 4 evaluates the
usability of the apps and level 5 tests interoperability.
This framework highlights the need for the scientific
development of applications that correspond to the standards
of therapeutic research. For this reason, we consider that a
preclinical phase is essential before continuing to the clinical
phase.
During the design phase of the device, the preclinical step makes
it possible to check its performance and safety and will help us
evaluate its later acceptability for the patient. By comparison,
when it comes to the development of a drug, this phase makes
it possible to evaluate a molecule in cultured cells (in vitro) and
in animals (in vivo), but in our case, we can talk about
evaluation in silico that is often used in recent pharmacological
studies [48].
With our Bayesian approach, we can make simulations of
patients, considering these to be preclinical tests as
recommended by good practices in clinical therapeutic research,
and we can increase its scientific validity. Nevertheless, it still
is a simple model with only 9 clinical dimensions and 10 types
of advice driven by 23 questions. In developing preclinical tests
in the future, models will have to be improved with more
variables.
There are numerous healthcare apps in mobile app stores. At
the moment, very few provide academic validation with
state-of-the-art clinical trials. To date, there are only 2 FDA
(Food and Drug Administration)-approved or CE (Conformitè
Europëenne)-approved apps (reSET@ and Flow) in psychiatry
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[49]. One provides digitalized depression prevention treatment
[50], and the other is for opioid addiction management [51].
Our project is one of the first attempts to build autonomous care
support for suicide prevention in a specific at-risk population
of patients with previous SA with a methodology in accordance
with APA guidelines.
From a larger point of view, the main idea driving this project
is that it is possible to build an app that mimics a doctor’s care
enough to be a valuable (and efficient) add-on. The
empowerment of patients is a vital topic, and economic issues
are also important.
But most importantly, we are showing that algorithms for
clinical and behavioral disturbance in psychiatry might be a
crucial field for BN, particularly when there is not enough
available data to build such algorithms. For example, there is
important scientific literature for anxiety in patients with
depression, suicidal ideation, or SA; however, the data are not
specific enough to answer very specific questions regarding
sleep disturbance according to the level of anxiety in a patient
3 months after SAs. Therefore, expert opinion is crucial.
Such an algorithm, embedded in smartphone apps, could be
used by many patients and consequently produce a large amount
of new specific data. This data will eventually help us improve
our model by incrementally updating the parameters (ie, all the
probability distributions) to recognize one given factor better
or associate one advice type better to some situations.
Since we will have a lot of usage data, it is important to
determine if the recommendations are followed by action and
if this type of algorithm increases their relevance. This could
be of particular interest for therapeutic compliance or even
access to emergency care. The clinical stage of our research,
associated with our application's usage data, will allow us to
study this question.

Conclusion
We are convinced that using digital devices with efficient
algorithms is crucial for medical treatment in terms of reliability
and safety. However, to date, very few devices meet accurate
methodological requirements. Our work is a proof of concept
that emphasizes the need for preclinical trials by algorithm
development. Additionally, it shows that BN is an accurate and
very efficient branch of AI in psychiatry and clinical
psychology.
However, building the application and randomized controlled
clinical trials are necessary to confirm our choices and the
overall efficacy of our device.
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Abstract
Background: An artificial intelligence (AI)–assisted contouring system benefits radiation oncologists by saving time and
improving treatment accuracy. Yet, there is much hope and fear surrounding such technologies, and this fear can manifest as
resistance from health care professionals, which can lead to the failure of AI projects.
Objective: The objective of this study was to develop and test a model for investigating the factors that drive radiation oncologists’
acceptance of AI contouring technology in a Chinese context.
Methods: A model of AI-assisted contouring technology acceptance was developed based on the Unified Theory of Acceptance
and Use of Technology (UTAUT) model by adding the variables of perceived risk and resistance that were proposed in this study.
The model included 8 constructs with 29 questionnaire items. A total of 307 respondents completed the questionnaires. Structural
equation modeling was conducted to evaluate the model’s path effects, significance, and fitness.
Results: The overall fitness indices for the model were evaluated and showed that the model was a good fit to the data. Behavioral
intention was significantly affected by performance expectancy (β=.155; P=.01), social influence (β=.365; P<.001), and facilitating
conditions (β=.459; P<.001). Effort expectancy (β=.055; P=.45), perceived risk (β=−.048; P=.35), and resistance bias (β=−.020;
P=.63) did not significantly affect behavioral intention.
Conclusions: The physicians’ overall perceptions of an AI-assisted technology for radiation contouring were high. Technology
resistance among Chinese radiation oncologists was low and not related to behavioral intention. Not all of the factors in the
Venkatesh UTAUT model applied to AI technology adoption among physicians in a Chinese context.
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Introduction
Background
The artificial intelligence (AI) race has long since begun; its
silicone roots date back to 1956 [1]. In China’s “Development
Plan for The New Generation of Artificial Intelligence,” the
goal was to synchronize China’s overall technology and AI
applications with the world's advanced level of technology by
2020. The total value of China’s AI industry market is expected
to reach US $127 billion by 2025 [2], and the medical AI
industry is forecasted to account for one-fifth of the overall AI
market [3]. In the health care industry, AI has been developed
for administrative assistance, clinical decision-making support,
patient monitoring, and robotic surgeries [4]. In clinical
decision-making support, computer software is used to analyze
clinical data and assist medical professionals in making more
precise decisions on disease diagnoses and treatments [5].
Sketching tumors is one such subfield.
Delineating tumors is tricky and requires much education,
guidance, and expertise. For radiation oncologists, the tumor
target contouring process for precision head and neck radiation
therapy is time consuming. It requires, on average, 180 minutes
of intense work for each patient, and contouring areas that are
created by different radiation oncologists for the same tumor
can be highly variable [6]. Moreover, contouring accuracy is
key for achieving successful treatment outcomes. Suboptimal
tumor coverage and poor-quality radiation therapy plans are
major factors of disease relapse and inferior survival [7]. An
AI contouring tool that automates the primary gross tumor
volume contouring process for patients with cancer was
developed at Sun Yat-sen University Cancer Center, wherein
it has been applied clinically since 2019; over 12,500 cases of
radiation planning have been carried out with the tool’s
assistance. The contouring system has a high level of accuracy
(ie, when compared with the manual contouring accuracy of
radiation oncologists). Although oncologists still need to edit
automated contours by making minor adjustments, the system
substantially saves time by up to 39.4%, and intraobserver and
interobserver variations have been reduced by 36.4% and 54.5%,
respectively [8].
Although the benefits of AI assistance appear to be obvious,
like all forms of change, the adoption of AI technology might
be met with resistance, especially within health care settings;
it has been said that the only constant is change [9]. There is
much hope and fear surrounding such technologies, and this
fear can manifest as resistance from both health care
professionals and patients [10]. One particular fear that may
promote resistance is the fear that AI tools will replace workers
(even skilled workers like doctors)—the much discredited, but
still prevalent, Luddite fallacy [11]. In a British Medical Journal
head-to-head debate, the topic was as follows: “Could machines
using artificial intelligence make doctors obsolete?” Dr Jörg
Goldhahn said “yes” and foreboded that humans simply cannot
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keep up with the data crunching advantage that computers have
over humans [12]. Further, Vanessa Ramptom and Professor
Giatgen Spinas claimed that the role of doctors will not become
obsolete; instead, these roles will change to specifically focus
on treating a patient as a whole [12]. These perspectives
encompass part of the larger narratives that describe AI
technology as either utopian or dystopian.
There are also claims that doctors are slow to uptake new
technologies. In 2004, there was evidence of resistance across
the United States against using a computerized order entry
system to overcome issues, such as doctors’ illegible
handwriting, and reduce the number of incorrect prescriptions.
The Cedars-Sinai Medical Center notably forced the withdrawal
of the system, which was installed in two-thirds of the 870-bed
hospital [13]. Similarly, in 2006, Bhattacherjee and Hikmet
[14,15] found that physicians were resistant to adopting
administrative health care information technologies, and more
recently, in 2014, Hsieh [16] discovered 5 factors (attitude,
subjective norm, perceived behavior control, institutional trust,
and perceived risk) that influenced the adoption of such
technologies. Notably, these studies all concerned administrative
technologies. There is, however, also evidence of doctors
resisting AI technology for other uses, such as patient diagnosis
and treatment plan development.
Even though the National Institute of Health claims that AI
technology is trending in cancer care [17], a number of notable
AI projects have failed in the United States. The MD Anderson
Cancer Center, one of the top cancer centers in the world,
cancelled a project that involved IBM Corporation’s oncology
expert advisor tool, Watson, in 2016 after spending US $62
million [18]. In February 2021, IBM Corporation also tried to
sell their Watson Health business, as it was not profitable [19].
In this study, we assessed whether there has been any resistance
to the uptake of an AI contouring system in China and examined
the system’s pros and cons. Few prior studies have focused on
the technology acceptance of AI tools that provide clinical
decision-making support in cancer care from physicians’
perspectives. AI health care researchers have primarily analyzed
technical innovation and clinical results but have seldom
considered the human contexts that are invariably involved in
use behavior. Social and implemental issues need to be
addressed when an AI tool is introduced in hospitals. Further,
it is especially important to examine the extent of perceived
risks and technology resistance bias.

Objective
The objective of this study was to develop and test a model for
investigating the factors that drive Chinese radiation oncologists’
acceptance of an AI contouring tool for automating the primary
gross tumor volume and normal tissue contouring process. This
study analyzes how expectancy, social influence, facilitating
conditions, perceived risk, and resistance bias contribute to the
Technology Acceptance Model (TAM).
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Theoretical Background and Hypothesis Development
The theoretical models in this study included the TAM and the
Unified Theory of Acceptance and Use of Technology (UTAUT)
model. The perceived risk and status quo bias theory variables
were added to the UTAUT model.
The first TAM was developed by Fred D Davis in 1989, and it
was based on the theory of reasoned action. The TAM was used
to analyze consumers’ behaviors in the context of health
information technology based on the following two major
variables: perceived usefulness and perceived ease of use [20].
Later, in 2000, Venkatesh and Davis [21] developed the TAM2,
which also addressed perceived usefulness and use intentions
in terms of social influence and cognitive instrumental processes.
They added the subjective norm, voluntariness, image, job
relevance, output quality, and result demonstrability constructs,
which significantly influenced user acceptance. The evolution
of the TAM3 came next; the TAM3 was a comprehensive
nomological network (ie, an integrated model) for evaluating
individual-level (information technology) adoption and use [22].
In 2003, Venkatesh et al [23] also created a UTAUT model,
which is an integrated tool based on 8 original models that were
published in major information systems journals from a range
of disciplines. These models included the theory of reasoned
action model, the TAM, the motivation model, the theory of
planned behavior model, a combination of the TAM and the
theory of planned behavior model, the model of PC utilization,
the innovation diffusion theory model, and the social cognitive
theory model. The UTAUT originally explained technology
acceptance among employees, and in 2012, a UTAUT2 model
was developed, which focused on consumer technologies [24].
As AI-assisted contouring technology has been developed for
medical staff in hospitals, hedonic motivation and price value,
which were explored in the UTAUT2 model, were considered
inapplicable to explaining oncologists’ acceptance behaviors
in this study. Therefore, we used the original UTAUT model
in this study. The original model and its various modifications
have been popularly used in studies of technology adoption in
the health care industry over the past 5 years [25-28].
The UTAUT model revealed the following four variables:
performance expectancy, effort expectancy, social influence
(which is used to evaluate the behavioral intention to use a new
technology), and facilitating conditions (which are used to
evaluate use behavior). Most research has proven that these four
constructs positively affect potential users’ behavioral intentions
[29,30]. Performance expectancy is defined as “the degree to
which an individual believes that using a new technology will
help him or her to attain gains in job performance.” This
construct was integrated from a similar concept in the
TAM—perceived usefulness [31]. Effort expectancy is defined
as “the degree of ease of use associated with IT” [23]. This
concept is similar to the perceived ease of use construct in the
TAM and innovation diffusion theory and the complexity of
technology construct in the model of PC utilization. Social
influence is defined as “the degree to which an individual
perceives the importance of how others believe that he or she
should use new IT.” This concept was developed based on the
notion that “an individual’s behavior is influenced by the way
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in which one believes others will view him/her as a result of
having used health IT” [23]. The Venkatesh model integrated
subjective norms from the theory of reasoned action, the TAM2,
and the theory of planned behavior; social factors from the
model of PC utilization; and the image construct from the
innovation diffusion theory into the social influence construct.
The facilitating conditions construct is defined as “the degree
to which an individual believes that an organizational and
technical infrastructure exists to support the use of the system”
[23]. The UTAUT’s facilitating conditions concept contains the
perceived behavior control concept from the theory of planned
behavior and the combined TAM and theory of planned behavior
model, the facilitating conditions concept from the model of
PC utilization, and the compatibility construct from the
innovation diffusion theory [23]. Lastly, the intention-usage
behavior relationship has long been discussed in many studies
of technology acceptance, and we expected that behavioral
intentions to use AI-assisted technology would have a significant
influence on use behavior. Based on these variables, we
proposed the following hypotheses:
•

•

•

•

•

•

Hypothesis 1: Performance expectancy positively affects
oncologists’ behavioral intentions to use an AI contouring
tool for developing radiation therapy plans.
Hypothesis 2: Effort expectancy positively affects
oncologists’ behavioral intentions to use an AI contouring
tool for developing radiation therapy plans.
Hypothesis 3: Social influence positively affects
oncologists’ behavioral intentions to use an AI contouring
tool for developing radiation therapy plans.
Hypothesis 4: Oncologists’ behavioral intentions positively
affect their use behaviors when using an AI contouring tool
for developing radiation therapy plans.
Hypothesis 5A: Facilitating conditions positively affect
oncologists’ use behavior when using an AI contouring tool
for developing radiation therapy plans.
Hypothesis 5B: Facilitating conditions positively affect
oncologists’ behavioral intentions to use an AI contouring
tool for developing radiation therapy plans.

Perceived risk has long been discussed as a negative factor in
health care information technology adoption studies [10,16],
and it refers to the combination of uncertainty and the
seriousness of an outcome [32]. Featherman and Pavlou [33]
identified the following seven facets of e-service–related
perceived risk: performance risk, financial risk, time risk,
physiological risk, social risk, privacy risk, and overall risk. In
this study, we addressed perceived risk based on the following
four aspects: (1) performance risk, which we defined as the
probability of malfunction and performance failure and whether
the AI contouring tool could mislead physicians with inaccurate
contouring; (2) time risk, which we defined as the probability
of physicians needing more time to correct errors caused by the
AI system; (3) psychological risk, which we analyzed in terms
of whether using the AI contouring tool may cause psychological
discomfort due to having a negative effect on clinicians’
self-perceptions of the treatment plan; and (4) privacy risk,
which we defined as a potential loss of the confidential patient
data in the AI-assisted system. As the AI systems were
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purchased by public hospitals without input from individual
physicians, no financial or social risk assessment was required.
Resistance to change refers to people’s attempts to maintain
previous behaviors or habits that are connected to their past
experiences when facing changes [15,34,35], and this has been
discussed as a major barrier to health care information
technology adoption [15,36]. The fear of job loss has also been
discussed as a factor of the slow adoption of new information
technologies [37]. We suggest that radiation oncologists might
believe that AI-assisted technologies might replace them and
that the adoption of such technologies will lead to an increase
in unemployment rates. Thus, we included these two factors in
the resistance bias construct, which we defined as people’s
resistance to using a new technology resulting from their
resistance to change and concerns about unemployment.
Therefore, we proposed the following hypotheses:
•

•

Hypothesis 6: Perceived risk negatively affects oncologists’
behavioral intentions to use an AI contouring tool for
developing radiation therapy plans.
Hypothesis 7: Resistance bias negatively affects
oncologists’ behavioral intentions to use an AI contouring
tool for developing radiation therapy plans.

Methods
Participants and Sampling
The majority of participants were radiation oncologists (227/307,
73.9%) and medical students (80/307, 26.1%) from the
Department of Radiation Oncology at Sun Yat-sen University
Cancer Center who had clinical experience in using the
computational system for contouring. The sample pool also
included radiation oncologists from other hospitals in China.
Participants were recruited between July 2020 and November
2020. A convenience sampling method was used in this study,
as only a few hospitals in China have AI-assisted contouring
systems. As our survey had 29 items, the required number of
participants was more than 290. The questionnaire was
conducted by sending direct website links via email or WeChat
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(a social media platform developed by Tencent Holding
Limited). Questionnaires were only considered valid if (1) an
account responded only once and (2) the total response time for
completing the questionnaire was more than 60 seconds. In
total, 322 radiation oncologists replied to the web-based survey.
After filtering out the invalid responses, 307 responses—176
from Sun Yat-sen University Cancer Center and 131 from other
hospitals—were deemed valid for data analysis.

Measurements
Our model included 8 constructs with 29 questionnaire items.
Each item assessed 1 construct and was sourced from relevant
literature related to new technology acceptance research. Some
changes were made to fit the AI-assisted contouring system
context (Table 1). After we developed a list of questions, a team
discussion was held to reach a consensus. Afterward, we asked
a group of 10 oncologists with experience in working with the
AI system to answer the questions and provide comments for
system improvement. A 7-point Likert scale, which ranged from
1 (strongly disagree) to 7 (strongly agree), was used to assess
the items for all constructs except those for the use behavior
construct, in which the answers were “yes” or “no.”
The first page of the questionnaire provided an overview of this
study’s background, purpose, voluntary nature, and anonymity
and an introduction of the AI-assisted tumor volume contouring
system, which included information on its general functions
and operating procedures and images of the system to help the
participants gain a clear understanding. We developed 2
questionnaires to assess oncologists’ perceptions. All
participants first answered the following question: “Have you
used the AI-assisted contouring system?” If the answer was
“yes,” then they were directed to answer the questions for those
who have already used the system (Table 1); if the answer was
“no,” then they were directed to answer the questions for those
who have not used the system. The questionnaires were identical
apart from the usage of verb tenses. The questions were
translated from English to Mandarin Chinese for the survey.
Ethical approval was obtained from the Ethics Committee of
the Department of Anthropology at Sun Yat-sen University.
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Table 1. Questionnaire items related to the research model constructs.
Variables and items

Questionnaire items

Sources

PEa,b
PE1

•
•

PE2

•
•

I find the automated contouring system useful in my job.c

Venkatesh et al [23] and Kijsanayotin et al [25]

d

I think the automated contouring system will be useful in my job.

Using the automated contouring system enables me to accomplish tasks quicker.c
I think using the automated contouring system will enable me to accomplish tasks

Venkatesh et al [23] and Kijsanayotin et al [25]

quicker.d
PE3

PE4

•

Using the automated contouring system increases my productivity.c

•

I think using the automated contouring system will increase my productivity.

•

Using the automated contouring system improves the outcomes of my work.c

Venkatesh et al [23] and Kijsanayotin et al [25]

d

•

I think using the automated contouring system will improve the outcomes of my work.

•

The automated contouring system is clear and understandable to me.c

d

Venkatesh et al [23] and Kijsanayotin et al [25]

EEa,e
EE1

•
EE2

•
•

I think the automated contouring system will be clear and understandable to me.

d

Venkatesh et al [23] and Kijsanayotin et al [25]

Venkatesh et al [23] and KiIt was easy for me to become skillful at using the automated contouring system.c
I think it will be easy for me to become skillful at using the automated contouring sys- jsanayotin et al [25]
tem.d

EE3

EE4

•

I find the automated contouring system easy to use.c

•

I think the automated contouring system will be easy to use.

•

Learning to operate the automated contouring system is easy for me.c

•

Venkatesh et al [23] and Kijsanayotin et al [25]

d

I think learning to operate the automated contouring system will be easy for me.

d

Venkatesh et al [23] and Kijsanayotin et al [25]

SIa,f
SI1

•

People (eg, colleagues and friends) who influence my behavior think that I should use Venkatesh et al [23] and Kijsanayotin et al [25]
the automated contouring system.c,d

SI2

•

People who are important to me (eg, department heads, tutors, superiors, and hospital
leaders) think that I should use the automated contouring system.c,d

Venkatesh et al [23] and Kijsanayotin et al [25]

SI3

•

Social propaganda has been helpful in the use of the automated contouring system.c,d

Venkatesh et al [23] and Kijsanayotin et al [25]

SI4

•

In general, my hospital and my department have supported the use of the automated

Venkatesh et al [23] and Kijsanayotin et al [25]

contouring system.c,d
FCa,g
FC1

•

I have the resources (devices, support from colleagues, etc) necessary to use the automated contouring system.c,d

FC2

•

I have the knowledge (the clinical and computer skills) necessary to use the automated Venkatesh et al [23] and Kijsanayotin et al [25]
contouring system.c,d

FC3

•

Health and information technology personnel in the hospital are available to assist with Venkatesh et al [23] and Kijsanayotin et al [25]
system difficulties.c,d

FC4

•

I have adequate knowledge resources (eg, books, documents, and consultants) to help
me learn about the automated contouring system.c,d
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Questionnaire items

Sources

BI1

•

I intend to use the automated contouring system in the next 2 months.c,d

Venkatesh et al [23] and Kijsanayotin et al [25]

BI2

•

I will use the automated contouring system in the next 2 months.c,d

Venkatesh et al [23] and Kijsanayotin et al [25]

BI3

•

I plan to use the automated contouring system in the next 2 months.c,d

Venkatesh et al [23] and Kijsanayotin et al [25]

PR1

•

There is a possibility of malfunction and performance failure, so the system might fail Ye et al [10], Bhattacherjee and
to deliver accurate contouring areas and could mislead my work with inaccurate con- Hikmet [15], and Andrews et
al [38]
touring.c,d

PR2

•

There is a probability that I need more time to fix the errors and nuances of the artificial Ye et al [10], Bhattacherjee and
Hikmet [15], and Andrews et
intelligence system.c,d
al [38]

PR3

•

I think using the automated contouring system may cause psychological distress, as it

BIa,h

PRa,i

could have a negative effect on my self-perception of the treatment plan.c,d

Ye et al [10], Bhattacherjee and
Hikmet [15], and Andrews et
al [38]

•

I am concerned that my patients’ personal information and health details are/would be Ye et al [10], Bhattacherjee and
insecure and could be accessed by stakeholders or unauthorized persons, leading to
Hikmet [15], and Andrews et
c,d
al [38]
lawsuits for physicians and the hospital.

RB1

•

I do not want the automated contouring system to change how I develop my treatment Bhattacherjee and Hikmet [15]
and Dou et al [34]
plan for manual contouring because the new system is unfamiliar to me.c,d

RB2

•

I do not want to use the automated contouring system because of past experience; these Bhattacherjee and Hikmet [15]
and Dou et al [34]
new high-tech products always fall flat during practical application.c,d

RB3

•

I do not want to use the automated contouring system because there is a possibility of
losing my job, as artificial intelligence–assisted technology may do my work better

PR4

RBa,j

Raza et al [37]

than me.c,d
UBk,l
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Questionnaire items
•

Sources

I have already used the automated contouring system.c

Venkatesh et al [23]

•

I am preparing to use the automated contouring system.

UB2

•

I recommend that others should use the automated contouring system.c,d

Venkatesh et al [23]

UB3

•

Have you ever overridden the contouring system after using it for some time?c

Venkatesh et al [23]

•

d

b

Would you ever override the contouring system?

a

7-point scale (1=strongly disagree; 2=quite disagree; 3=slightly disagree; 4=neither agree or disagree; 5=slightly agree; 6=quite agree; 7=strongly
agree).
b

PE: performance expectancy.

c

Questions for those who have already used the system.

d

Questions for those who have not used the system.

e

EE: effort expectancy.

f

SI: social influence.

g

FC: facilitating conditions.

h

BI: behavioral intention.

i

PR: perceived risk.

j

RB: resistance bias.

k

2-point scale (1=yes; 2=no).

l

UB: use behavior.

Data Analysis
Structural equation modeling analysis was conducted by using
IBM SPSS Amos 21.0 (IBM Corporation), and this was a 2-step
analysis [39]. First, items and constructs were evaluated for
reliability and validity via a confirmatory factor analysis of the
measurement model. Second, the structural model’s path effects,
significance, and goodness of fit and mediation effects were

evaluated. More specifically, the path analysis was performed
by conducting a series of multiple regression analyses to derive
the standardized regression coefficients (ie, β) for all proposed
paths. Figure 1 shows the conceptual model for the analysis;
the arrows with solid lines are the paths indicating the
relationships among the specified concepts in the hypothesis.
IBM SPSS Version 25.0 (IBM Corporation) was used for the
descriptive statistics analysis.

Figure 1. The development of our model for investigating radiation oncologists' acceptance of an artificial intelligence–assisted contouring system.
H: hypothesis.

Results
Demographic Results
The demographic characteristics of the 307 participants are
shown in Table 2. About an equal number of men (151/307,
49.2%) and women (156/307, 50.8%) participated in this study.
https://www.jmir.org/2021/9/e27122
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The majority (269/307, 87.6%) of the participants’ ages ranged
between 18 and 40 years, and all of the participants had at least
a bachelor’s degree. In China, radiation oncologists who work
on contouring are often aged under 40 years, as senior
oncologists mainly focus on checking the accuracy of contouring
based on the treatment plans, which are mostly developed by
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junior oncologists. Thus, it was unsurprising that we had more
participants aged under 40 years. In our study, 185 participants
had at least 4 years of experience in radiation oncology, 123

Zhai et al
participants had already used the AI-assisted contouring
technology, and 184 had not yet used it.

Table 2. Demographic characteristics (N=307).
Characteristics

Participants, n (%)

Sex
Male

151 (49.2)

Female

156 (50.8)

Age (years)
18-25

121 (39.4)

26-30

67 (21.8)

31-40

81 (26.4)

41-50

30 (9.8)

>50

8 (2.6)

Education
Bachelor’s degree

137 (44.6)

Master’s degree or doctoral degree

170 (55.4)

Experience in radiation oncology (years)
≤3

122 (39.7)

4-6

61 (19.9)

7-10

23 (7.5)

>10

101 (32.9)

Artificial intelligence–assisted contouring technology usage
Yes

123 (40.1)

No

184 (59.9)

Measurement Model
To test the reliability and validity of this study, we examined
common method bias, as all items in our survey were collected
from the same questionnaire. We connected all of the items to
a common latent factor and used a confirmatory factor analysis
to conduct a single-factor test [40]. The results showed that the
fit of the single-factor model was poor (χ2377=4294.616;
χ2/df=11.392; adjusted goodness of fit index=0.354; comparative
fit index=0.628; Tucker–Lewis index=0.599; root mean square
error of approximation=0.184), indicating that common method
bias was insignificant in this study.
We also conducted some tests to examine the constructs’
reliability, and the results are summarized in Table 3. The
Cronbach α and composite reliability values were higher than
the threshold of 0.7 [41], which indicated good construct
reliability. For convergent validity, all item loadings ranged
from 0.633 to 0.980, and good composite reliability (>0.7) was
achieved [42].

than 0.5 [43] and thus showed good convergent validity. In
Table 4, the square roots of the AVE values were higher than
the numbers in the off-diagonal direction (correlations between
a particular construct in the same column and other constructs
in different rows) in the corresponding columns, indicating the
good discrimination validity of all constructs. The results of a
single-factor analysis of variance showed that the main effect
that experience had on behavioral intention was not significant
(F3,303=2.587; P=.053).
The mean scores for behavioral intention (5.484 out of 7.0) and
use behavior (1.713 out of 2.0) were high, which showed that
the participants had high intentions to use the AI-assisted
contouring system. However, even though the total degree of
resistance was low, 17.6% (54/307) of the respondents showed
a degree of resistance (ranked as an average score of ≥5 for
resistance bias). Specifically, 13 out of the 123 (10.6%)
participants who had accessed the AI system showed a degree
of resistance, and 41 out of the 184 (22.3%) participants who
had not accessed the AI system also showed a degree of
resistance.

Convergent validity was assessed with average variance
extracted (AVE) values; all construct AVE values were greater
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Table 3. Descriptive statistics of variables, items, composite reliability, and convergent validity.
Variable and item

Item loadings

PEa
PE1

0.946

PE2

0.970

PE3

0.957

PE4

0.942

EEb
EE1

0.921

EE2

0.933

EE3

0.967

EE4

0.954

SIc
SI1

0.909

SI2

0.906

SI3

0.829

SI4

0.909

PRd
PR1

0.633

PR2

0.735

PR3

0.783

PR4

0.788

RBe
RB1

0.865

RB2

0.941

RB3

0.883

FCf
FC1

0.821

FC2

0.886

FC3

0.899

FC4

0.892

g

BI

UB

a

BI1

0.952

BI2

0.980

BI3

0.979

h

UB1

0.736

UB2

0.860

UB3

0.729

Mean score of the items

Composite reliability

Convergence validity

Cronbach α

5.969

0.976

0.910

.976

5.669

0.970

0.891

.970

5.481

0.938

0.790

.937

4.418

0.826

0.544

.824

3.528

0.925

0.805

.825

5.446

0.929

0.766

.926

5.484

0.980

0.942

.980

1.713

0.820

0.604

.800

PE: performance expectancy.

b

EE: effort expectancy.

c

SI: social influence.

d

PR: perceived risk.
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RB: resistance bias.

f

FC: facilitating conditions.

g

BI: behavioral intention.

h

UB: use behavior.

Table 4. Discriminant validity of the constructs. The square roots of the average variance extracted values for comparisons among constructs are
shown.a

a

Constructs

Performance
expectancy

Effort expectan- Social influcy
ence

Facilitating con- Perceived
ditions
risk

Resistance
bias

Behavioral in- Use behavior
tention

Performance
expectancy

0.954

—b

—

—

—

—

—

—

Effort expectan- 0.767
cy

0.944

—

—

—

—

—

—

Social influence 0.717

0.784

0.889

—

—

—

—

—

Facilitating con- 0.665
ditions

0.712

0.716

0.875

—

—

—

—

Perceived risk

−0.334

−0.378

−0.358

−0.314

0.738

—

—

—

Resistance bias

−0.373

−0.435

−0.360

−0.368

0.563

0.897

—

—

Behavioral intention

0.724

0.750

0.782

0.802

−0.369

−0.394

0.971

—

Use behavior

0.600

0.644

0.611

0.630

−0.326

−0.424

0.785

0.777

The items on the diagonal represent the square root of the average variance extracted value; the off-diagonal elements are correlation estimates.

b

Not applicable.

Structural Model Analysis
The fitness of the model was evaluated with the following
criteria: (1) the standardized root mean square residual (0.0317)
had to be smaller than 0.08, (2) the comparative fit index (0.968)
had to be greater than 0.90, and (3) the root mean square error
of approximation (0.056) had to also be smaller than 0.08. As
shown in Table 5, most of the indicators satisfied the criteria
and the combination rule [44], which demonstrated that the
hypothesized model was a good fit to the data.
Figure 2 shows a graphic description of the regression analysis,
and Table 6 shows the numerical results of the path coefficient
analysis. Standardized factor loadings (ie, β) were the
standardized regression coefficients for each proposed path,
which indicated the relationships among the variables in this
study. P values were the parameters used to determine the results
of the hypothesis test [45]. Behavioral intention was positively

affected by performance expectancy (β=.155; P=.014), social
influence (β=.365; P<.001), and facilitating conditions (β=.459;
P<.001), and use behavior was significantly affected by
behavioral intention (β=.235; P<.001). Effort expectancy
(β=.055; P=.450), perceived risk (β=−.048; P=.348), and
resistance bias (β=−.020; P=.634) did not significantly affect
behavioral intention, and facilitating conditions (β=.004;
P=.845) did not significantly affect use behavior. Behavioral
intention also moderated the effects that social influence
(P=.001) and facilitating conditions (P<.001) had on use
behavior. R2 values were calculated to assess the validity of the
research model; 78.1% of the effects of behavioral intention
could be explained by perceived risk, effort expectancy, social
influence, facilitating conditions, performance expectancy, and
resistance bias, and 75.3% of the effects of use behavior could
be explained by behavioral intention and facilitating conditions
(Figure 2).

Table 5. Research model fit.
Model fit indices

Criteria

Research model fit values

Chi-square value

The smaller the better

692.543

Degrees of freedom

The larger the better

354

Normed chi-square value (χ2/df)

1<χ2/df<3

1.956

Root mean square error of approximation

<0.08

0.056

Standardized root mean square residual

<0.08

0.0317

Comparative fit index

>0.9

0.968

Goodness of fit index

>0.85

0.859

Adjusted goodness of fit index

>0.8

0.827
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Figure 2. Estimates from the regression analysis. H: hypothesis.

Table 6. Summary of support for the hypotheses.
Variables and hypotheses

Standardized factor
loadings (SE)

Critical ratio (T value)

P value

Results

Hypothesis 1: Behavioral intention is affected by performance expectancy.

0.155 (0.063)

2.464

.01

Supported

Hypothesis 2: Behavioral intention is affected by effort expectancy.

0.055 (0.073)

0.755

.45

Not supported

Hypothesis 3: Behavioral intention is affected by social influence.

0.365 (0.076)

4.795

<.001

Supported

Hypothesis 4: Use behavior is affected by behavioral intention.

0.235 (0.024)

9.778

<.001

Supported

Hypothesis 5A: Use behavior is affected by facilitating conditions.

0.004 (0.022)

0.195

.85

Not supported

Hypothesis 5B: Behavioral intention is affected by facilitating condi- 0.459 (0.061)
tions.

7.561

<.001

Supported

Hypothesis 6: Behavioral intention is affected by perceived risk.

−0.048 (0.051)

−0.939

.35

Not supported

Hypothesis 7: Behavioral intention is affected by resistance bias.

−0.020 (0.042)

−0.476

.63

Not supported

Discussion
Principal Findings
In this study, we investigated factors that may affect the adoption
of an AI-assisted technology for developing treatment plans for
cancer radiation therapy patients. The constructs of the research
model were developed based on the UTAUT model, and
perceived risk and resistance bias were added as potential
barriers to new technology adoption. There were 3 principal
findings, as follows: (1) the physicians’ overall perceptions of
the AI-assisted technology for radiation contouring were high;
(2) social influence and facilitating conditions played a much
more important role in AI adoption among radiation oncologists
than performance expectancy, but effort expectancy was not
significantly related to behavioral intention (P=.45); and (3)
perceived risk (P=.35) and resistance bias (P=.63) were not
significantly related to behavioral intention.

The Physicians’ Overall Perceptions of the AI-Assisted
Technology for Radiation Contouring Were High
Participants had high behavioral intentions (score: mean 5.484
out of 7.0) to use the new AI-assisted contouring technology;
90.9% (279/307) of the total sample gave scores of 4 or above,
meaning that they were planning to use the system within 1
https://www.jmir.org/2021/9/e27122
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year. This result nearly matched those of a survey conducted in
2019, in which 84.62% of the participating medical departments
planned to try the AI-assisted contouring system; 10.26% of
these departments were in the process of purchasing the system,
and 46.15% had purchased plans [46].
Participants’ performance expectancy and effort expectancy
were high, as they believed that the AI technology could
improve their work performance and efficiency. This is similar
to the perceptions of Canadian radiation oncologists, who
believe that AI could save time and deliver better results to
benefit patients [47].

The Relationship Among Performance Expectancy,
Social Influence, and Facilitating Conditions Affected
Behavioral Intention
Many studies have proven that performance expectancy, effort
expectancy, social influence, and facilitating conditions have
positive effects on use behavior [8,11,20,48]. For example, in
a study of health care robot adoption, these four constructs
significantly predicted the usage and uptake of robots [30]. In
our study, performance expectancy (P=.01), social influence
(P<.001), and facilitating conditions (P<.001) were significantly
related to behavioral intention, while effort expectancy did not
significantly affect behavioral intention (P=.45). Social influence
J Med Internet Res 2021 | vol. 23 | iss. 9 | e27122 | p.1368
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
and facilitating conditions affected behavioral intention much
more strongly than performance expectancy. These results
indicate that in China, when physicians encounter AI-assisted
technology for treatment plans, their opinions are more likely
to be driven by people with which they have a close relationship
(ie, the items of the social influence construct), such as friends
and colleagues, department heads, tutors, superiors, and hospital
leaders. This phenomenon reflects the culture of vertical
collectivism, which is aligned with the ideology of “utilitarian
Guanxi”—a Chinese philosophy that combines the pursuit of
profit with objective goals [49]. Further, social propaganda,
such as news stories about successfully using AI technology
from professionals in the health care industry, likely influences
physicians’ perceptions toward using such technology.
Facilitating conditions did not have a direct effect on use
behavior. However, this construct was the most important factor
that affected behavioral intention. As shown by our results,
behavioral intention moderates the effect that facilitating
conditions have on use behavior (P<.001), indicating that
providing support, such as support from the information
technology team in a hospital, and having the knowledge and
skills needed for using new technology were necessarily
important and influenced radiation oncologists’ use intentions.
On the other hand, most researchers that use the UTAUT model
agree that effort expectancy has a significant effect on behavioral
intention. However, there have been some exceptions. For
example, perceived ease of use did not have an effect on
attitudes related to health care professionals’ decisions to accept
telemedicine technology [50]. In our study, effort expectancy
did not affect use intention. In China, physicians in level 3 public
hospitals (the highest standard in China) usually have heavy
workloads. For example, at Sun Yat-sen University Cancer
Center, the Department of Radiation Oncology works on
approximately 1200 cases each day. The participants claimed
that they did not mind putting in more effort and spending more
time on learning about the new technology in order to later
reduce their workloads. Determining whether this approach
reduces or redistributes workloads is an area worthy of future
investigation. Additionally, the AI technology was developed
based on participants’ previously used software. As a result,
they found it easier to gain fluency with the system.

Perceived Risk and Resistance Bias Were Not
Significantly Related to Behavioral Intention
In most research on new technology adoption, perceived risk
has negatively affected the public’s behavioral intentions
[11,29]. However, in our study, perceived risk did not affect
radiation oncologists’ behavioral intentions. Even though they
perceived risks (score: mean 4.418 out of 7.0) such as the
possibility of being misled with inaccurate contouring and
privacy issues, oncologists still had the intention to use the
system, as did others (colleagues and superiors). The main
reason for this was that it could effectively reduce their heavy
workloads. In interviews with some of the participants,
physicians explained that they could manually fix the errors in
the contouring area because the amount of patient case data has
increased and machine learning has made the AI-assisted
contouring system more and more accurate; therefore, more
time will be saved in the future.
https://www.jmir.org/2021/9/e27122
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As discussed in a study by Ye et al [10], resistance bias has had
a negative impact on the technological acceptance of AI
ophthalmic devices. However, different from the general
public’s perceptions, the low score for resistance bias (score:
mean 3.528 out of 7.0) in our study showed that radiation
oncologists were not likely to reject AI-assisted contouring
technology, regardless of their unfamiliarity with the technology,
their past experiences with the failure of new technology
products, or the possibility of AI replacing and displacing jobs.
Our study demonstrated that resistance to using an AI-based
contouring system to improve patient outcomes and work
efficiency was low. There was little to no apprehension among
users to learn about and implement this new technology. In
previous studies of technology acceptance, resistance bias was
observed among medical staff when the benefits of technology
were not clear or immediate [36,51,52]. In past research on
health care robot adoption, resistance bias did not have a direct
negative effect on medical staff’s behavioral intentions, as the
health care robots were convenient to use and provided
significantly better results than those provided by traditional
methods [30]. In our study, the AI platform was developed by
using the previous software that the oncologists used for work.
This resulted in immediate benefits for improving contouring
results and saving time. Therefore, negative perceptions
surrounding new technologies with clear and immediate benefits,
particularly fear and apprehension toward using such
technologies (regardless of the degree of these perceptions),
may not be prevalent in China. On the other hand, the AI
contouring system in our study is used as an assistance tool for
providing image contouring results as part of the process for
developing a radiation therapy plan. In our case, oncologists
still have to work on modifying the contouring areas and
deciding on the amounts of radiation for each area. Wong et al
[47] conducted a study among Canadian radiation oncologists
that showed similar results; 77% of the participants agreed that
human oversight was necessary for optimizing the planning
process and delivering better quality care.
In China, using AI-assisted technology to relieve physicians’
workloads will be a major trend in the future, as such technology
tries to fill the gap between the public’s demands and the limited
amount of medical resources. Chinese hospitals have the need
and motivation to adopt AI to improve efficiency, solve the
health care professional shortage problem, and reduce patient
waiting times. At Sun Yat-sen University Cancer Center, a
breakthrough point for the AI product was the potential research
opportunities with the AI development company for improving
treatment planning accuracy, as the AI product not only helps
oncologists improve their work efficiency but also serves as a
valuable tool for scientific research.
Hospitals in China, like those in other Asian countries such as
India, South Korea, and Thailand, have also proudly indicated
their usage and acceptance of AI technology in their marketing
campaigns, which have expounded to patients how much their
medical services are improved by such technologies [18].
However, anecdotal reports on AI products in cancer care
developed by IBM Corporation, one of the largest AI technology
providers in the industry, have shown that the company has had
trouble with finding customers in the United States [53] and
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that technology resistance exists among oncologists who claim
that they trust their own judgment over that of software [18].
We suggest that cultural differences may result in different
perceptions on AI adoption in Western and Asian countries.
Asian physicians may be more likely to accept the idea that AI
technology is an assistant that performs certain routine tasks
and more likely to reject AI doctors. In this case, the perception
is that the AI system will not displace or replace the clinical
practitioner; instead, the system will get rid of routine tasks and
thus allow for more time to focus on patient care.

intelligence to cognitive intelligence) should be a step-by-step
process. IBM Corporation’s oncology expert advisor project
used natural language processing to provide treatment
recommendations. However, the ambitions of such project were,
in hindsight, a step too far. Instead of installing an AI doctor,
Chinese hospitals first created an AI technology to act as an
assistant tool for medical imaging to free physicians from routine
work. When a clear application scenario for medical AI is
imagined and created, people are more likely to realize the value
of such technology.

Implications for Practice

Limitations and Future Research

This study provides 3 suggestions for health care AI developers
and hospitals that are planning to introduce AI for clinical
decision-making. First, when a hospital introduces a new
AI-assisted technology for clinical decision-making in China,
the leadership should consider a top-down management process.
Hospital leaders and department heads should demonstrate how
a new technology works, advocate for the new technology, and
encourage subordinate physicians to use the new technology.
The hospital could also share AI success stories to influence
public opinions on the use of the new technology and highlight
the benefits of the system. At Sun Yat-sen University Cancer
Center, breakthrough news stories about AI clinical research
have been shown not only on social media platforms and local
news programs but also at special events such as AI versus
human competitions, which have been held at a number of
academic conferences, to prove the accuracy of their AI system
to both the public and experts. Second, the user interface of the
new AI-assisted system should be as consistent as possible with
the previously used interface to reduce the time required for
users to adapt to the new technology. The hospital information
technology center should also work closely with AI technology
companies to provide technical support and data security for
the use of the new AI platform. Third, per the lesson learned
from IBM Corporation’s failure in the United States, AI
technology development (ie, progressing from perceptual

This study has some limitations. Our results might be biased
due to the age of participants, as 87.6% (269/307) of the
participants were aged under 40 years. The majority of the
participants (176/307, 57.3%) were also from Sun Yat-sen
University Cancer Center, where medical capacity is high.
Additionally, there might be elements of sampling bias, as
convenience sampling was used. Further research needs to be
carried out among medical professionals in other countries for
comparisons of AI technology acceptance in health care services
in different cultural contexts.

Conclusion
In this study, technology resistance among Chinese radiation
oncologists was low and not related to behavioral intention.
Negative perceptions of new technologies with clear and
immediate benefits, such as fear and apprehension toward using
such technologies (regardless of the degree of these perceptions),
may not be prevalent in China. Further, not all of the factors in
the Venkatesh UTAUT model applied to AI technology adoption
among physicians in a Chinese context. Oncologists’ opinions
are more likely to be driven by people with which they have a
close relationship (the items of the SI construct), such as friends
and colleagues, department heads, tutors, superiors, and hospital
leaders, and be based on receiving technology support from
information technology departments and companies.
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Abstract
There is an unprecedented demand for infodemic management due to rapidly evolving information about the novel COVID-19
pandemic. This viewpoint paper details the evolution of a Canadian digital information tool, Chloe for COVID-19, based on
incremental leveraging of artificial intelligence techniques. By providing an accessible summary of Chloe’s development, we
show how proactive cooperation between health, technology, and corporate sectors can lead to a rapidly scalable, safe, and secure
virtual chatbot to assist public health efforts in keeping Canadians informed. We then highlight Chloe’s strengths, the challenges
we faced during the development process, and future directions for the role of chatbots in infodemic management. The information
presented here may guide future collaborative efforts in health technology in order to enhance access to accurate and timely health
information to the public.
(J Med Internet Res 2021;23(9):e27283) doi:10.2196/27283
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Introduction
In the early stages of a global health crisis caused by a novel
disease such as COVID-19, misinformation tends to propagate
rapidly due to the absence of easily accessible and reliable
information from authoritative sources [1]. According to the
World Health Organization, controlling the circulation of
information about a novel disease requires infodemic
management, defined as the application of “evidence-based
interventions that bring understandable, localized,
evidence-based information to citizens and drive positive
health-seeking behaviour” [2]. At the onset of the COVID-19
pandemic in Canada, however, public health hotlines were
overwhelmed with calls, impeding the infodemic management
process. For example, on March 11, 2020, Quebec’s provincial
health information 811 phone line received 16,840 calls
compared to an average of 6000 calls managed on a typical day
[3].
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In recent years, chatbots have emerged as a promising means
to support public health efforts by easily increasing access to
accurate, tailored, and free information to millions of people at
once [4]. Leveraged with artificial intelligence (AI) tools,
chatbots are intelligent conversational agents that result from
the application of natural language processing techniques to
analyze speech combined with an engine that is trained to
provide human-like responses [5].
The recent surge in chatbot use across industries and business
functions such as customer service, sales, marketing, and
automation of internal processes stems from an evolution in the
way humans communicate [6]. The current digital age, in which
most individuals have access to a mobile phone and are
accustomed to holding multiple conversations at once through
short online interactions, represents an ideal environment for
chatbot development [6]. Since the onset of the COVID-19
pandemic, chatbots are increasingly being developed to
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efficiently deliver evidence-based information about COVID-19
to the public [4]. Despite these advances, the possibility of
chatbots causing harm by communicating inaccurate information
to users warrants ongoing monitoring of chatbot quality and
safety [7].
The development of Dialogue Health Technologies Inc’s chatbot
Chloe represents a successful Canadian cooperation among
health, technology, and corporate sectors, in order to assist the
public during the pandemic by addressing their questions and
concerns about COVID-19 [8]. Founded in 2016, Dialogue is
a leading provider of virtual health care in Canada, offering its
services exclusively to Canadian organizations through an online
care platform using technologies developed in-house. This care
platform consists of an interface in both desktop and mobile
application formats that connects members to a care team
consisting of health providers and coordinators. Our experience
with chatbots in health care includes the design of various
AI-enhanced bots used to collect and intuitively interpret patient
information in order to determine urgency, appropriateness for
virtual care, and the type of provider required. These chatbots
were built by combining medical knowledge with state-of the
art algorithms and are continuously monitored, updated, and
trained to enhance their effectiveness and efficiency, including
bot-to-human handoff when required [9].
Chloe was initially conceived to integrate within the Dialogue
care platform as a way to help manage questions about
COVID-19 from our clients but was quickly converted into a
stand-alone digital application in order to be deployed as a free
tool for the general public. After Health Canada confirmed the
first Canadian case of COVID-19 on January 27, 2020, our
medical operations and customer success teams noted an
increased flow of questions from members and organizations
across the country about this novel disease, looking to us as a
health care company for guidance. The urgent need to slow the
spread of the virus and provide large-scale access to free
information about COVID-19 from authoritative sources, as
well as the desire to assist flooded provincial health information
phone lines in answering common questions from Canadians,
prompted us to pursue an AI approach.
We launched the chatbot Chloe, named after Dialogue’s first
nurse, on March 9, 2020. Chloe was designed to provide free,
up-to-date information to all Canadians on COVID-19 from
trusted Canadian authorities, following federal, provincial, and
territorial regulations based on each user’s location. To ensure
transparency of our technological approach, we rendered the
online service and content management system open-source.
Chloe was designed following best dialogue management
principles [10] and built with Rasa, a state-of-the-art open-source
framework [11].
This report first outlines the development of Chloe, an
information and self-assessment tool to respond to a rapidly
evolving health crisis. This was achieved by incrementally
leveraging AI tools in order to address the challenges associated
with the volume of demands and constantly changing
information during the early phases of the COVID-19 pandemic.
This paper then highlights Chloe’s strengths, the challenges we
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faced, and future directions for chatbot development to support
infodemic management.
We wish to note that Chloe was designed and launched in an
emergency effort to support public health authorities in keeping
Canadians informed during the first wave of the COVID-19
pandemic before any governmental information tools had been
deployed. Following the rollout of official and local public
health online self-assessment tools providing features similar
to ours, Chloe stopped being regularly updated.

Chloe’s Development: From a Frequently
Asked Questions Page to an Intelligent
Chatbot
Increased uncertainty surrounding the previously unknown virus
and disease resulted in a deluge of questions not only for our
own care team but also for the entire Canadian health care
system. In response to this surge, our Clinical Quality
Committee led efforts to provide official answers to the most
frequently asked questions (FAQs) from members on our care
platform. This led to the release of the first version of our FAQ
section on our website on March 5, 2020.
An FAQ section addresses predictable queries, but the constant
flow of new information associated with the COVID-19
pandemic required a dynamic tool. In response to this challenge,
we designed a self-assessment flow based on official available
medical information surveyed by our care team. This allowed
us to efficiently sort through and respond to the diverse concerns
our members and clients had about COVID-19. We then created
a smart virtual medical assistant that we named Chloe for
COVID-19 that was released publicly for all Canadians on
March 9, 2020. In accordance with Dialogue’s rigorous data
security and privacy policies, every effort was made to ensure
that Canadians could use Chloe in an anonymous and secure
fashion. To that effect, no information that could help identify
the user (including but not limited to IP addresses and
approximate location) was collected by default.
Chloe would ask a user about their symptoms, location, travel
history, and recent contacts. This assessment resulted in a
personalized recommendation including links to local resources
such as the user’s provincial government’s COVID-19
guidelines. Figure 1 presents one example of the start of the
assessment flow for a user in Quebec.
When provincial online self-assessment tools were later
deployed, we integrated this information into Chloe. Our
self-assessment tool saw the highest traffic on March 15, 2020,
with 5945 new users accessing the tool, coinciding with the
overflow of public health information phone lines. By April 18,
2020, it had been used 73,000 times, further indicating Chloe’s
contribution to overall public health efforts in keeping Canadians
informed.
In order to keep up with constantly evolving information
spanning multiple Canadian jurisdictions and to discriminate
between official information and disinformation, we designed
and built a web scraper. This automated service was
programmed to extract the latest data from reliable sources
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identified by our medical team. During the peak of the first
wave, it ran every hour. When the flow of new information later
slowed, it was then activated every 4 hours to ensure Chloe as
well as our online FAQ still offered the most up-to-date
information to Canadians.
In addition to the self-assessment tool and FAQ, we developed
a question and answer (Q&A) model within Chloe to further
meet the information needs of Canadians regarding COVID-19.

Siedlikowski et al
The up-to-date COVID-19 information identified by our web
scraper was used to refine the Q&A model, which was then
further optimized using machine learning techniques. Our team
of applied researchers developed a machine learning model that
would find the correct answer to a given question about
COVID-19 by feeding it approximately 4000 questions acquired
through crowdsourcing and several thousand more from data
collection tools offered by Amazon Web Services [12].

Figure 1. Example of self-assessment flow for a user in Quebec.

Given the time-consuming nature of this process and the need
to gain a better understanding of what questions were most
commonly asked, we used clustering to divide the approximately
4000 questions into 40 groups of similar questions. Clustering
is a form of unsupervised machine learning, which aims to
segregate groups with similar traits and assign them into clusters.
The clustering algorithm used word embeddings to represent
each of the questions in a multidimensional way. We were then
able to accurately measure the similarity among the questions
and split them into groups accordingly. For instance, all
questions asking about how long the coronavirus could survive
on surfaces, one of our most commonly asked questions, were
grouped into one cluster.
On April 28, 2020, we released our first interactive Q&A model,
marking our transition from an FAQ system to a customized
conversational experience. As a first iteration of a natural
language Q&A model, we implemented a distance-computing,
similarity-matching algorithm. In this model, all clustered
questions were embedded in a multidimensional space. Figure
2 represents this step of the process, in which each colored circle
is a question and its position is determined by the attributes
computed by the algorithm. Averaging techniques were used
to obtain the center of each cluster. This identified the average
features of the questions within the same cluster.
For example, it was determined that the average question
regarding the coronavirus on surfaces holds a combination of
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the word “surface” or “object” and a declension of the word
“time.” Next, we embedded the user’s question using the same
pretrained model, to have it in the same multidimensional space
as the cluster averages. The distance between a user’s question
and the clusters could be computed mathematically. The closest
cluster could then be identified and the question categorized.
For users’ questions that matched a related cluster, we could
then return the associated Q&A. For instance, the question “How
long does it take for coronavirus to vanish from doorknobs?”
was matched to the cluster that dealt with the virus on surfaces.
We could then return the associated question-answer pair that
would look like this:
How long can coronavirus stay on surfaces? It has
been demonstrated that it can last for X hours on Y
surface.
If the distance between the user’s question and each of the
cluster’s centers was too great, however, the question would
not be categorized, and an answer was not returned. In such
cases, the user would be offered a link to our FAQ page, and
Chloe would ask the user if they had another question. Our
monitoring team also took note of these situations to further
train Chloe to be able to answer an increasing number of user
questions. This was achieved by having our team analyze these
additional questions and add them to the set of questions used
to retrain the clustering algorithm.
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Figure 2. Representation of questions in a multidimensional space.

Canada being a bilingual country, we also needed this model
to accurately return question-answer pairs to all Canadians in
both English and French. We therefore followed the
aforementioned process twice in order to cover questions in
both languages.
While developing the previously described similarity model,
we also worked on a more advanced model consisting of 2 main
components: a Bidirectional Encoder Representations from
Transformers (BERT) model [13] that ranked all COVID-19

FAQ questions from trusted sources according to their relevance
with a user’s question and an out-of-distribution (OOD) detector
using a Local Outlier Factor algorithm [14]. The purpose of this
OOD detector was to eliminate questions that could not be
answered with the available information from the vetted sources
the chatbot used. This improved the number of questions
answered and the accuracy of the answers provided while
minimizing manual updating work from our care team. Figure
3 presents a general diagram of the model architecture.

Figure 3. Diagram of the final question & answer (Q&A) model architecture using the example of a question about the symptoms of COVID-19.
BERT: Bidirectional Encoder Representations from Transformers; FAQ: frequently asked question; OOD: out-of-distribution.
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Table 1 describes the results obtained from this final Q&A
model’s accuracy. Overall accuracy represents the model’s
ability to give a correct answer to the user’s question, and OOD
accuracy represents its ability to detect situations in which the
question asked has no answer in our data sources. The BERT
pretrained model we used has a better performance in English,
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which explains the discrepancy between the English and French
results. Although higher metrics can be obtained from Q&A
models, we believe that these results are reasonable given time
and data constraints. These results were also deemed acceptable
because our Q&A model sought to provide answers to
commonly asked questions and not directly inform patient care.

Table 1. Overall and out-of-distribution (OOD) accuracies of the final question & answer (Q&A) model in English and in French.
Language

Overall accuracy, %

OOD accuracy, %

English

81.83

90.48

French

71.32

70.60

We nevertheless addressed the error rates of our model to the
best of our abilities by consistently displaying the question and
answer as a pair when responding to the user. For example, if
the user asked about coronavirus and pets and Chloe replied
with information about the coronavirus and surfaces, the user
would know that the model was responding about surfaces and
not pets. This ensured the user would not be misled by false
information. Lastly, the model was validated using a standard
process [15]. The dataset was divided into training, validation,
and test sets, followed by an evaluation of how the test set (not
previously seen by the model) performed. Further details about
the Q&A model are detailed in a poster presented at the
Montreal AI Symposium 2020 [16].
Two other important features were implemented to increase
Chloe’s ability to meet the evolving needs of Canadians: a daily
self-health assessment and COVID-19 testing navigation. The
self-health check feature was added to the assessment flow at
the end of May 2020. Users choosing to enroll in this feature
received a daily SMS message with a link to their self-health
check-in and had the choice to opt out at any time. Anyone
using this self-health assessment service had their first name
and phone numbers securely stored on our data servers located
in Canada. Having regular contact with users helped tailor the
assessment to the user’s particular situation and needs. When
starting the assessment flow, users’ previously reported
symptoms and concerns helped the chatbot identify relevant
questions to be asked and offer appropriate recommendations.
For example, if the user reported a fever the day before, the
chatbot might ask if it was still present and if it had gotten better
or worse.
The testing navigation feature was added on June 2, 2020 to the
assessment flow to support public health officials and public
health information phone lines. This feature was built in
partnership with Clinia [17], a technology company enabling
health care resource navigation. By integrating Clinia’s
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application programming interface into Chloe, any user whose
self-assessment resulted in a recommendation to get COVID-19
testing would be prompted with the option to search for testing
sites. Once the user entered their desired location to get tested,
they would receive a list of sites offering COVID-19 testing,
their opening hours, special instructions, as well as a link to
obtain directions to the sites. Figure 4 presents an example of
local testing sites offered to a user in Quebec seeking navigation
assistance.
To make the conversation feel as natural as possible for users,
we leveraged a machine-learning technology called natural
language understanding (NLU), a subtopic of natural language
processing, which converts human-readable text inputs into
machine language that can be processed to extract an
understanding. In our particular case, we extracted intents, which
represent the user’s query, and entities, which represent key
categorized values. For example, if a user said, “I want to find
a test site close to Montreal,” NLU would help us map the user’s
intent to something like “find_test_site” and extract the entity
“Montreal,” which we know is a city. Test sites in Montreal
could then easily be suggested to the user. The use of NLU
allowed for more open-ended questions akin to normal
conversations and minimized clicking. As of June 29, 2020,
Chloe could ask users: “How may I help you?” NLU
components were associated with each possible question,
providing a natural conversational experience with an intelligent
chatbot. In terms of dialogue management strategies, we used
a combination of NLU and static flows defined by a
multidisciplinary team of medical experts, software and machine
learning engineers, and conversational designers. Figure 5
presents what the latest version of Chloe looks like to users
upon first connecting with the chatbot. In response to Chloe’s
initial “How may I help you?”, if a user’s response falls outside
the clusters of questions known to Chloe, the chatbot presents
5 clear clickable options from which the user can choose. Figure
6 shows Chloe’s main features as presented to users.
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Figure 4. Example of test navigation results for a user in Quebec.

Figure 5. Chloe’s welcome message to users explaining their options.
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Figure 6. Display of Chloe’s features available to users.

Strengths, Challenges, and Future
Directions
To our knowledge, at the onset of the COVID-19 pandemic,
there were no other accessible chatbots that provided free, local,
up-to-date information on COVID-19 in both English and
French to the Canadian public. As of early March 2020, Chloe
for COVID-19 filled this important gap by supporting efforts
in keeping Canadians informed when public health hotlines
were most overwhelmed. Chloe underwent rigorous training by
a dedicated team of medical and technology experts who were
involved from inception to deployment. This team continually
monitored the chatbot using analytics data, making adjustments
and updates when needed. Informal user testing was conducted
each time a major update was introduced. This involved
approximately 10 individuals recruited internally who tested
out the different available flows and provided feedback.
As the pandemic unfolded and more information emerged about
COVID-19, Chloe adapted to address evolving questions from
the public. In her most advanced version in June 2020, Chloe
uniquely integrated 5 features into 1 bilingual chatbot: a
self-assessment tool, resources for users who tested positive for
COVID-19, answers to common questions about COVID-19,
testing navigation, and a daily self-health check-in.
Despite Chloe’s success in providing tailored information to
the Canadian public early on in the pandemic, we encountered
several challenges during Chloe’s development and after Chloe’s
launch, of which the most notable were keeping up with the
increasingly vast and rapidly changing information available
on COVID-19 as well as time and data constraints within an
emergency health crisis context.
Rapidly changing information on COVID-19 (eg, how the
disease presents in individuals, how the SARS-CoV-2 virus is
transmitted, and when individuals should get tested),
complicated by Canada’s multijurisdictional landscape with
guidelines changing from one region to another, required
constant monitoring from our team to ensure accurate
information was provided to users across the country.
Furthermore, as mentioned earlier in this report, chatbots have
the potential to address the questions of millions of people at
once [4], but the risk of amplifying misinformation and the lack
of research on chatbot effectiveness present significant
https://www.jmir.org/2021/9/e27283
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challenges, particularly in a pandemic context [7]. By
reinforcing local provincial and territorial guidelines, we ensured
that Chloe’s messaging to users aligned with the most up-to-date
public health information tailored to each user’s location and
health situation. We learned that having a multidisciplinary
team of technology, nursing, physician, customer success, and
clinical quality experts, assisted by AI tools, was the best
approach to quickly mobilize all necessary information and
make any required adjustments to Chloe as the pandemic
situation evolved.
Given that we developed Chloe as an informational tool in an
emergency effort to support overwhelmed public health hotlines,
we lacked the time and resources needed to rigorously evaluate
Chloe’s implementation and measure Chloe’s impact on users.
In a noncrisis context, it would have been ideal to set and track
specific implementation metrics other than general chatbot
traffic to improve Chloe more systematically. In this instance,
we prioritized the need to act quickly in assisting public health
efforts at the height of a health crisis. We also considered that
implementation metrics are particularly important for chatbots
that directly inform patient care, such as those that refer users
to consultations with health professionals. Those chatbots
require closer monitoring than chatbots such as Chloe, whose
main goal was to reliably answer the public’s questions about
COVID-19 and to redirect individuals to testing services and
local public health guidelines when needed.
Moreover, we were unable to precisely measure Chloe’s
acceptability, but we acknowledge the importance of evaluating
this metric [18]. Current metrics used to determine the
acceptability of AI chatbots in health care include
trustworthiness of the information provided as well as a user
experience that is perceived as empathetic to the patient [19].
Despite not formally evaluating Chloe’s acceptability, Chloe
was designed to be trustworthy, by offering up-to-date official
information from public health sources, and empathetic, by
leveraging AI techniques to make the conversation feel as
natural as possible with users. We also knew from prior
experience designing and implementing health technology tools
for the Dialogue platform, as well as extensive member
feedback, that chatbots are an acceptable and easy-to-use tool
for collecting, assessing, and sharing health information. That
being said, rigorous user testing combined with the systematic
collection of user feedback, for instance through the integration
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of a permanent feedback link in the user interface of a chatbot
as done by Herriman et al [4], may have allowed us to better
understand user needs and make quicker improvements to
Chloe’s features.
In further building on Chloe’s development and envisioning the
future of chatbots, we would also prioritize evaluating the impact
of chatbots on how well individuals feel informed. In a scoping
review of the technical metrics used to evaluate healthcare
chatbots, Abd-Alrazaq et al [20] found that most chatbots were
assessed according to 27 different metrics, with global usability
and survey designs as the most commonly used metrics.
Although chatbots like Chloe are not “healthcare chatbots” in
that they do not deliver healthcare services, the evaluation of
their usability and performance is warranted in order to improve
their ability to provide the right information to users at the right
time.
In summary, we believe Chloe’s development is useful in
illustrating the potential for rapid collaboration among health,
technology, and corporate sectors to assist public health efforts
in keeping individuals informed at the height of a health crisis.
Addressing the public’s need for accurate health information
will remain important within the current pandemic context and
during any future health crises. As COVID-19 vaccination
campaigns continue to target the general public, intelligent
conversational agents have the potential to play a critical role
in debunking misinformation surrounding vaccines and directing
individuals to public health resources [21,22]. One study in the
preprint stage, which examined a chatbot designed to address
arguments against the COVID-19 vaccine, promisingly showed
that individuals’ attitudes towards vaccination became more
positive after receiving information from this chatbot [23].
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Moreover, in a recent Nature survey of infectious disease
researchers, virologists, and immunologists in 23 countries, the
majority of respondents predicted that the SARS-CoV-2 virus
will likely become endemic over time, with its future closely
depending on virus mutations and the type of immunity
individuals will acquire [24]. In anticipation of the upcoming
waves of uncertainty regarding this virus in the coming years,
we envision an ongoing and growing role for chatbots in
supporting public health efforts in infodemic management in
order to keep the public safe and informed.

Conclusion
The devastating and widespread health consequences of the still
ongoing COVID-19 pandemic and continued uncertainty
surrounding this novel disease are unprecedented challenges to
public health. Since the start of the pandemic, managing the
ensuing deluge of both information and misinformation about
COVID-19 has also required unparalleled efforts from health
authorities.
In detailing the development of Chloe for COVID-19, we
provide an encouraging example of collaboration leading to a
rapidly scalable, safe, secure, and useful human-enhanced digital
tool to address the information needs of Canadians during this
pandemic. Continuing to leverage the potential of such chatbots
to become trusted public health allies will support ongoing
infodemic management strategies. As research on the safety
and acceptability of these tools advances, we anticipate a
growing role for chatbots, both standalone and integrated with
human-provided care, in the current pandemic, in particular
with vaccination rollout and ongoing efforts to combat
misinformation.
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Abstract
Background: Digital health agents — embodied conversational agents designed specifically for health interventions — provide
a promising alternative or supplement to behavioral health services by reducing barriers to access to care.
Objective: Our goals were to (1) develop an expressive, speech-enabled digital health agent operating in a 3-dimensional virtual
environment to deliver a brief behavioral health intervention over the internet to reduce alcohol use and to (2) understand its
acceptability, feasibility, and utility with its end users.
Methods: We developed an expressive, speech-enabled digital health agent with facial expressions and body gestures operating
in a 3-dimensional virtual office and able to deliver a brief behavioral health intervention over the internet to reduce alcohol use.
We then asked 51 alcohol users to report on the digital health agent acceptability, feasibility, and utility.
Results: The developed digital health agent uses speech recognition and a model of empathetic verbal and nonverbal behaviors
to engage the user, and its performance enabled it to successfully deliver a brief behavioral health intervention over the internet
to reduce alcohol use. Descriptive statistics indicated that participants had overwhelmingly positive experiences with the digital
health agent, including engagement with the technology, acceptance, perceived utility, and intent to use the technology. Illustrative
qualitative quotes provided further insight about the potential reach and impact of digital health agents in behavioral health care.
Conclusions: Web-delivered interventions delivered by expressive, speech-enabled digital health agents may provide an exciting
complement or alternative to traditional one-on-one treatment. They may be especially helpful for hard-to-reach communities
with behavioral workforce shortages.
(J Med Internet Res 2021;23(9):e25837) doi:10.2196/25837
KEYWORDS
digital health agent; virtual health assistant; online intervention; alcohol abuse; brief intervention; motivational interviewing;
intelligent virtual agent; embodied conversational agent

Introduction
Background
Alcohol use disorder (AUD) affects 10%-20% of men and
5%-10% of women over their lifetime, and 26.4% of adults
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engage in binge drinking. AUD is the third leading preventable
cause of death [1], with driving under the influence accounting
for 31% of driving fatalities. In addition to personal costs
associated with AUD, alcohol abuse costs the US economy an
average of $249 billion per year. Motivational interviewing
(MI) [2] is an effective and scalable intervention for AUD [3].
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It is a client-centered counseling style that is directive and elicits
behavior change by helping clients explore ambivalence and
resolve it in order to develop intrinsic motivation to change.
Adaptations of MI have bourgeoned to meet the need for
motivational interventions that are brief and thus compatible
within primary care settings [4]. Brief motivational interviewing
(BMI) interventions include MI’s style of communication
(communicating empathy, increasing discrepancy, rolling with
resistance, and supporting self-efficacy) with the common
underlying elements of effective brief interventions (eg,
feedback, menus of options for changing respectful of current
readiness to change, supportive advice). BMI can be delivered
in multiple settings, as both a standalone intervention and in
combination with other strategies for substance use disorders,
such as cognitive-behavioral therapy, and has been found to be
effective across meta-analyses [3-5]. Despite the high rates of
alcohol use and availability of these effective interventions,
only 1 in 10 individuals with AUD receive care [6,7].

Barriers to Care
A number of barriers prevent individuals from accessing the
treatment they need, including acknowledging the need for
treatment [8], availability of trained providers [9], proximity of
providers, access to transportation, affordability, insurance
coverage, scheduling, and stigma [10]. Individuals living in
rural settings or in poverty — where alcohol abuse is more
prominent — are disproportionately impacted by these barriers
[9]. In rural settings in particular, anonymity is more difficult
[11] and increases stigma around help-seeking. Lack of flexible
scheduling options for individuals who work full time further
exacerbate barriers to treatment [9]. Finally, when individuals
do access treatment, it is not always an evidence-based treatment
— further complicating issues around access to quality care.

Digital Health Interventions
Digital health interventions (DHIs) are interventions that are
delivered via digital platforms (eg, applications, websites,
mobile devices). Unlike telehealth (where a live provider meets
with a consumer via a video chat), DHIs do not rely on a human
provider to deliver services. As such, they have the potential to
reduce a number of barriers associated with location (can be
accessed from anywhere), scheduling (can be accessed at any
time), stigma (can be accessed anonymously from the privacy
of one’s home), and cost (most are affordable or free). Past
research indicates that consumers tend to be more truthful when
disclosing possibly stigmatizing information such as a drug or
alcohol disorder to a computer versus a human [12-16] —
providing another advantage to DHIs as they can be more
informed about consumers’ at-risk behaviors than a human
provider.
A review of DHIs [17] indicates that these interventions range
from brief screening tools to several months of structured
activities. Content includes screening and self-monitoring,
personalized normative feedback, goal-setting activities, and
interactive journaling. Benefits include reductions in alcohol
consumption and consequences of heavy drinking. Despite all
the benefits associated with DHIs, they are associated with high
dropout rates [18]. For instance, a systematic review of the use
of mental health support smartphone applications indicates that
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only 4% of users engage daily with the applications [19].
Researchers suggest that the use of a DHI without the support
or recommendation of a mental health professional may limit
its use [19,20]. Mohr et al [21] pointed out that improvement
in mental health conditions tends to require continued behavior
change over many weeks or months, yet mental health
technologies are mainly didactic, thereby not ideal for supporting
engagement and behavior change. Most behavioral health
technologies require some human backing from a mental health
professional to sustain engagement. Qualitative studies point
to lack of motivation due to frustrating technology, inadequate
content, competing priorities, and lack of face-to-face encounters
[22,23]. This limits the promise of DHIs as a scalable solution
to increase access to care, which our approach aims to improve.
A review of DHIs designed specifically for MI [24] further
points out that, given the important emphasis on the
interpersonal therapeutic communication style that is a core
aspect of MI, delivering MI through these different modalities
is difficult. For instance, can the “MI spirit,” or relational
aspects, happen digitally? Therefore, comprehending the type
of technology used to deliver relationally focused treatments
provides an understanding of how technology may be used to
replace face-to-face contact. The study found that DHIs for MI
vary greatly in terms of technology and richness of the media
used, ranging from text-only to audio files, video files, and
interactive animated characters, and that the most common
feature of these technologies was personalized feedback to the
participant based on their input. Only a subset of a few programs
used videos (eg, a “video-doctor” actor playing a doctor’s
responses in MI style) or animations (eg, a robot’s head with
facial expressions supporting participants during the
intervention). These media were always developed with the aim
to mirror interpersonal communication. Our current focus on
developing and evaluating 3D virtual characters able to deliver
a BMI, with appropriate facial expressions, body gestures,
speech synthesis, and speech recognition in real time, aims at
providing awareness into how technology may be used to replace
face-to-face contact.
The review by Shingleton and Palfai [24] also found that, while
surveyed articles explained methods for some aspects (eg,
automatic computer prompts, chat rooms, emails, videos,
animated characters) to deliver MI, most articles did not explain
how they translated MI principles into the DHI nor whether or
how the relational components were resolved. Translating
aspects that require the MI spirit such as “expressing empathy”
or “collaboration” to technology — versus consolidating
commitment to change and developing discrepancy, on which
most studies focused — is particularly difficult to implement
in a piece of software. One conclusion was that future
researchers need to detail both, not only how the technical
aspects (eg, chat rooms, emails) are delivered but also how the
relational aspects (eg, emoticons, videos of talking narrators)
are delivered in order to increase the human-like discourse with
the DHI. Asking questions to help understand how participants
felt about and during the interaction were also encouraged as
important “soft” outcomes to uncover ways to increase the
“spirit” of MI within technology. As highlighted by Mohr et al
[21], while usability testing has increased in recent years, the
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design of DHIs has generally not included input from end users.
Our focus on technology outcomes in this article aimed at
providing insight into these “soft” outcomes, by explicitly asking
users of our DHI-specific survey questions about their
experience with an expressive, animated embodied
conversational agent (ECA) in order to inform the impact of
our DHI current design, our future redesigns, and other
researchers’ DHIs.

Embodied Conversational Agents
ECAs (also known as virtual intelligent agents or virtual
humans) are simulated human characters that may have the
potential to increase consumer engagement in DHIs [25]. Unlike
avatars — which are virtual entities that represent and are
controlled by the user (popular in video gaming) — ECAs are
virtual entities of their own that interact with a consumer
autonomously and anonymously. They are developed with the
aim to look, sound, and behave as closely to humans as possible.
Their ability to hold conversations is still limited [26] but
advancements in natural language processing and artificial
intelligence (AI) hold promise in the future of ECAs as an
alternative solution to traditional therapy for mental health and
substance abuse concerns [27]. ECAs have the ability to use
sophisticated multimodal communication to build rapport
[28-41], communicate empathically [32-35,38], and engage in
social talk [42-46]. Despite the promise of ECAs, research
around the acceptability, feasibility, and utility of such
technology by consumers of behavioral health interventions is
limited. Exceptions can be found in a few studies using 3D
ECAs with realistic animated facial expressions and mirroring
of the users’ facial expressions [25], a study including an ECA
with a dialog management system allowing users to answer
freely to the ECA (albeit without full robustness for broad
dissemination without synchronous human support) [26], and
a few others using simple ECAs [43,47-50].
In spite of their success, however, ECA development did not
scale with the now abundant internet devices (smartphones,
laptops) and the latest progress in 3D graphics. Some attempts
have been made to build web-based, 3D ECAs [51-53].
However, their implementation is still very basic, and they do
not offer an integrated framework for web-based ECA
development, including the ability to recognize and synthesize
social cues in real time during spoken dialog, which is a
significant technical challenge and which our ECA provides.
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Current Study
This study aimed to fill the gap in knowledge of using ECAs
in behavioral health contexts by establishing the acceptability,
feasibility, and utility of using ECAs by consumers undergoing
a BMI intervention for alcohol abuse. BMIs are highly structured
(assessment of, followed by normative feedback, then menu of
change options), making them amenable to delivery via DHI
[22], particularly if the “MI spirit,” or relational components,
can be captured without face-to-face contact. One such BMI,
namely the Drinker’s Check-Up (DCU) [2] is the intervention
used for this work. DCU has been computerized as a
menu-based, text-only program delivered online that targets
alcohol abuse, reducing drinking by an average of 50% at a
12-month follow-up [50]. The DCU is one of the 2
English-language, web-based DHIs designed for the public that
have been tested in randomized controlled trials (RCTs) [7].
We therefore chose to study how the delivery of the DCU by
an ECA will be perceived by its users, given that its nonverbal
and other media features aim to address the observed limitations
of the use of avatars in DHIs for MI that do not strengthen the
social relationship with the user [50].
Using the technology acceptance model (TAM) [54,55] to guide
our work, this study enabled us to determine if the ECA
designed by our team using the empathic embodied virtual agent
(eEVA; see Figure 1 and Figure 2) framework for building
digital health agents [56] has enough personal characteristics
and social abilities (eg, open-minded, supportive, respectful,
friendly) to give users a positive experience (acceptability). The
TAM stipulates that user acceptance can be predicted by the
perceived usefulness (utility) and perceived ease of use
(feasibility) of the technology. As such, we were interested in
learning more about consumers’ perceived positive experience
(acceptability), usefulness of eEVA (utility), and ease of use
(feasibility) to better understand acceptability and potential for
adoption of the technology. Having technology that consumers
like and find easy to use and helpful increases the potential for
adoption, which, in turn, increases access to care. Increases in
access to care have the potential to improve health outcomes
for alcohol users. Prior studies have found that MI for alcohol
use (including online delivery via textual interface) improves
health outcomes [57].
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Figure 1. Our empathic embodied virtual agent (eEVA) delivering a brief motivational interviewing behavior change session.

Figure 2. Empathic embodied virtual agent (eEVA) system overview. API: application programming interface; DCU: Drinker’s Check-Up; NVB:
nonverbal behavior.
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Methods
Intervention
DCU
The intervention is based on DCU — an evidence-based
intervention that uses strategies from MI [57]. First, users
provide detailed information about their drinking (eg, own
drinking patterns or issues, family history of alcohol use). Next,
they receive individualized feedback about their drinking habits,
including information about risk factors and consequences [58].
Finally, they resolve their ambivalence about whether to change
their drinking, plan for a change, and set goals for change. The
intervention provides resources to help users with changing
their drinking [59]. However, the DCU does not tell the clients
what to do or not to do — it is up to the user whether they want
to change their alcohol use. The DCU has been studied
extensively and led to reductions in the quantity and frequency
of drinking by 50% throughout a 12-month follow-up period,
when compared to a waitlist control group [57]. The DCU is 1
of the 2 web-based DHIs that have the strongest evidence
supporting their efficacy based on RCTs [7].
In this study, the DCU was delivered via an ECA (namely
eEVA) rather than via its traditional textual interface. As a BMI,
the eEVA intervention combines MI style of communication
with the common underlying elements of effective brief
interventions characterized by the acronym FRAMES [2]:
Feedback about client’s individual status is personalized and
stored in a user model database, keeping a record of users’
answers for the next session(s); Responsibility for changing is
left with the individual, and the language used throughout the
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intervention reflects this (eg, “I will not pressure you in any
way”); Advice is provided in a supportive manner, with empathic
choice of words and supportive body gestures (eg, leaning
forward, head nodding); Menus of different options for changing
that respect an individual’s readiness to change are offered;
Empathic style of communication is central to the
individual-clinician relationship, and it is conveyed by the
ECA’s verbal utterances (eg, spoken reflections), nonverbal
behavior (NVB; eg, smiling facial expressions, lean forwards,
hand flips, nodding at appropriate times), and empathic choice
of wording (eg, “It might be surprising to you to know that you
are in the top percentile in drinking compared to people of your
gender and age; you might want to review your answers again
…”); and Self-efficacy is nurtured and emphasized throughout,
including with choice of words and positive facial expressions
(eg, various head nods and smiling facial expressions).

Technical Implementation of the Intervention
Our eEVA framework (shown in Figure 2) provides (1) a
realistic 3D WebGL graphics virtual environment with a realistic
virtual office environment that can be “inhabited” by 1 of the
25 available racially diverse ECAs (shown in Figure 3), each
with physiologically realistic Facial Action Coding
System–validated facial expression animations and full body
animations; (2) real-time speech recognition of the user’s
answers; (3) text and multiple choice input; (4) voice synthesis
for the ECA’s spoken utterances; (5) ECA’s lip synchronization
between phonemes and visemes; (6) ECA’s adaptive nonverbal
responses such as head nods or leaning forward depending upon
the utterance dialog act; (7) configurable dialogue content; and
(8) ability to capture and process users’ social cues such as facial
expression recognition (which will be enabled in a future study).

Figure 3. Menu of diverse empathic embodied virtual agent (eEVA) embodied conversational agents consumers can select.
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Technically speaking, the framework consists of 3 main
components. First, the application layer consists of a modular
client-side JavaScript mainframe that controls the multimodal
user interface, audio and video input, graphical user interface
(GUI) interaction, and services such as speech recognition and
speech synthesis. Second, the JavaScript mainframe handles
execution of a scenario (the content of the DCU in this study)
— a collection of state machines that are created by developers.
Third, the scenario states can be constructed to pull information
(eg, the ECA’s speech, graphics to show) from the data layer
— a database of content.
The backbone of the client-side application is a JavaScript
framework that handles the formation of a group of modules
and the communication between them. Each module then
implements various functionalities, including gaining feedback
from the user (eg, asking to access microphone and camera)
and processing input information (eg, analyzing users’
responses, extracting facial expressions if desired); determining
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how to answer the user (eg, words agent should say, NVBs);
and answering the user through a multimodal 3D-embodied
ECA, with speech synthesis, NVBs, and multimedia content
(eg, text, images, and videos).
This results in an interactive online application that can run on
numerous platforms such as desktop, cell phone, autonomous
robotic agent, and potentially smartwatch integrations (Figure
4). In addition, the user can also choose between a collection
of 3D virtual characters to interact with — of different genders,
races, and appearances. To personalize the eEVA system further,
favorite chosen characters are remembered and displayed after
login during the next interaction with the system. Distributing
the framework core (eg, 3D character, perception, behavior) to
consumer devices makes this technology scalable, with little to
no overhead with additional users. Computer-intensive
functionality such as speech and face recognition is
asynchronous via web services or with built-in functionalities
in the browser.

Figure 4. Empathic embodied virtual agent (eEVA) running on different platforms: (a) desktop, (b) mobile phone, (c) autonomous robot, (d) smartwatch
concept.

Unlike traditional ECAs, the eEVA design follows common
modularity patterns found in robotics platforms such as ROS
[60], allowing us to generate collections of modules to cover a
diversity of application use cases, such as various browsers,
many internet bandwidth limitations, and interaction capabilities.
For instance, when using speech recognition, to provide the
transcript of the user’s spoken utterances to be used by the ECA
application, based on browser capabilities, a specialized module
can be used to either interface with the Web Speech API or to
use another service such as Watson Speech to Text. The
advantage of this design is the seamless passing from one
module implementation to another, including at runtime, without
affecting the rest of the application.
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To model social interaction, 3 main categories of module
functionality are necessary, namely input/sensing modules (for
perceiving social cues from the user in real time); social
interaction decision-making modules, including an ECA
behavior module, vocal command interpretation, and the
scenario controller; and output/actuator modules for actually
expressing verbal and nonverbal cues to the user. The
functionalities of the main modules used in the current version
of eEVA are listed in Table 1. Most modules have simple
functions to retrieve or display information from and to the user
or call functions from libraries (third-party or in-house) or
services.
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Table 1. Listing of the most significant modules and their function descriptions used in the empathic embodied virtual agent (eEVA) for our health
agent.
Module

Function description

Input/Sensing Module

•
•
•
•

User microphone interface using WebRTC application programming interface (API)
Speech recognition using Google Chrome API
Interface with CoreNLP
Graphic user interface (GUI) for direct user input (text, buttons)

Social Interaction Decision-Making Modules

•
•
•

Vocal command interpretation
Embodied conversational agent’s (ECA) behavior (gesture and facial animations)
Scenario controller (state machine execution)

Output/Actuator Modules

•
•

Speech synthesis
25 webGL 3D eEVA ethnically diverse characters

We tested 2 types of network connections: broadband and 4G
mobile data. The majority of the launch time consists of loading
the 3D character and surrounding virtual environment, which
takes about 30 seconds and 25 seconds on 4G and broadband,

respectively. The experiments (Table 2) showed that the main
distributed functionalities of the eEVA framework allow
real-time interaction and adequate loading times. This was
echoed by users, as discussed in our Results section.

Table 2. Average response time and standard deviation analysis for the empathic embodied virtual agent (eEVA) using 4G or broadband connections
over the internet between North America and Europe, with caching disabled (first run).
Functionality

Time on 4G mobile data (milliseconds)

Time on broadband internet (milliseconds)

Unity 3D character, mean (SD)

30018 (663)

24626 (1910)

TTS (sentence), mean (SD)

939 (381)

551 (141)

TTS (word), mean (SD)

72 (40)

44 (23)

Speech recognition

~30 (offline processing)

N/Ab

Entire HTTP request, mean (SD)

1124 (166)

784 (66)

DOMc loading, mean (SD)

2313 (80)

1635 (224)

a

a

TTS: text to speech.

b

N/A: not applicable.

c

DOM: Document Object Model.

Model of Empathic Verbal and Nonverbal Behavior
To simulate some of the communication psycholinguistic signals
of a counselor delivering a BMI, we first videotaped BMI
sessions between a live licensed counselor and a client. Then,
a clinical expert reviewed the videotapes to code verbal
reflections and NVB. From these, the expert generated a set of
rules for basal behaviors of the health agents. Based on the codes
of verbal and NVBs, eEVA was implemented with the following
verbal reflections: “Ah.” “Alright.” “Okay.” “Good.” “Sounds
Good.” “Oh, okay.” “Great!” “Thanks for letting me know.”
“Oh, I see.” “Okay, thanks!”
In addition, the following NVB animations were synthesized
on the agent’s face: smile, facial expressions, hand gestures
(typing on a computer at a desk, hands resting on the agents’
legs, formless flick, two-handed flip, two-handed contrast
gesture), body leans (forward), head gestures (nod, shake,
nonshake), and eyebrow movements (up, neutral, and down),
which our results (discussed later) showed are conducive of a
positive experience for the user with the agent in the given
health care context.
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Since it was determined that head nods are critical to portraying
(some level of) active listening, we sought to offer 3 variants
depending on the user’s chosen responses. We created a set of
nods using established emotional expressions governed by
activation of specific individual facial movement animations.
All 3 of the head nods included activation of head down and
eyes down. However, depending on the type of reaction
required, these also included facial expressions (eg, smile, mild
concern).
The patterns observed in the videotapes of the counselor-client
session also directed us towards creating rules about when
certain statements should be made, to ensure the counselor did
not appear judgmental and to make the interaction appear more
natural. In all scenarios, the counselor began seated at the desk
while typing on the computer, then looked up and moved to the
chair closer to where the user perceives they are sitting during
an initial greeting. Once seated, the counselor began with a
greeting introduction and then moved on to delivering the DCU.
Verbal responses to user responses were applied based on the
“score” of each question to provide nonjudgmental reactions
for higher scores that might indicate a problem and positive
reactions for scores that might suggest healthy consumption
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levels. For example, “Sounds good” was used in response to a
user mentioning that they wanted to change.
In parallel, NVBs were applied using a set of states that were
determined as appropriate given the context of the interaction
as shown in Figure 5: Neutral, Explaining, Asking, and
Listening. In the Neutral state, the counselor spoke and used a
smile, a gaze, facial expressions, head gestures, or eyebrow
movements. In the Explaining state, which was activated during

Boustani et al
long periods of speaking, the two-handed flip and two-handed
contrast gesture were applied. When the counselor posited a
question to the user, the Asking state was initiated, which
included a single hand formless flick. While the counselor
waited for the user to respond to a question, the Listening mode
was initiated, which included a leaning forward gesture. The
leaning gesture remained in effect until a choice was made, at
which point the body resumed an upright sitting position.

Figure 5. Defining nonverbal behaviors for virtual health agents. All undergo the initial sitting sequences and then assume a neural sitting at idle
position. From here, the agent can enter either the be explaining, asking, or listening loop.

Participants
Participants were alcohol users aged 21 to 55 years and recruited
online to participate in the intervention. Participants had to have
engaged in heavy drinking (consumed 5 drinks in one sitting at
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least once in the past year), not currently be receiving treatment
for their AUD, and not have a medical condition for which
alcohol use would be contraindicated. Users were also screened
for severe mental illness. We recruited 51 participants as part
of a larger RCT of the effectiveness of this program in reducing
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alcohol abuse. Participants were 62% (32/51) male, were 32%
(19/51) female, and had a mean age of 28 (SD 15.8) years.
Participants reported their race as White (21/51, 42%), Black
(12/51, 24%), Asian (3/51, 7%), Other (2/51, 3%), and no
response (12/51, 24%). Participants reported their ethnicity as
non-Hispanic (43/51, 84%), Hispanic (8/51, 15%), and no
response (2/51, 1%). Marital status was reported as married
(23/51, 46%), single (17/51, 34%), divorced (3/51, 7%),
widowed (1/51, 1%), or no response (6/51, 12%). Their
education level was reported as high school (7/51, 14%), some
college (13/51, 25%), Associate’s degree (10/51, 19%),
Bachelor’s degree (18/51, 36%), and Graduate degree (3/51,
6%).

Procedures
Participants were recruited online via targeted advertising on
Facebook, offering free treatment for alcohol users and
compensation for research participation. When users clicked
on the ad, they were redirected to an online screener (on
Qualtrics) to ensure they were eligible for the study. If they
were eligible, users were randomly assigned to receive the same
DCU MI intervention delivered online either by an ECA (eEVA)
or a textual interface. Participants in this study were those who
were assigned to eEVA, since the control group assigned to the
text-only interface could not comment on the ECA’s social
features that they did not see. Once randomized, participants
were provided with a username and password to enter the DHI
platform eEVA. Participants had to log on, enter demographic
information, and begin the intervention. After completing the
intervention (participants were given 1 week to complete), they
were redirected to an online survey on Qualtrics to provide
feedback about their experience with the intervention.

Measures
After completing the intervention, participants were asked to
provide feedback on the feasibility, acceptability, and utility of
the technology. Specifically, we sought feedback regarding their
engagement (acceptability), perceived utility, and intent to use
the technology (feasibility). Participants completed a
questionnaire developed for this study. Since there does not
exist, to date, a standardized instrument to evaluate interaction
with ECAs of various levels of complexities, we used and
adapted relevant existing questionnaires commonly used for
the evaluation of human interaction with technologies involving
some social cues, whether embodied with graphics or with robot
technologies. Questions were based on a combination of the
engagement model by O’Brien and Toms [61], Almere model
by Heerink et al [62], and “Godspeed questionnaire” by
Bartneck et al [63], which has been widely used to evaluate
human-technology interactions using 5 key concepts —
anthropomorphism, animacy, likability, perceived intelligence,
and safety — that have been found useful for interacting with
either ECAs or robots. All responses were on a 7-point Likert
scale (1=Strongly Agree; 7=Strongly Disagree), with lower
scores indicating more desirable findings. There was no cut-off
as the measures were combined for the purpose of this study
and were meant to provide descriptive feedback. In addition,
each question included a blank space with a prompt of
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“Comments” for participants to provide optional qualitative
feedback to each question.
The engagement model by O’Brien and Toms [61] explores
acceptability of the ECA via constructs of user engagement
with technology. Six attributes of a technology make it more
likely that a user will engage with it (challenge using the
technology, interest, motivation to use the technology, and
appeal of the technology [eg, “I found the health assistant
interesting”]). Responses were on a 7-point Likert scale
(1=Strongly agree; 7=Strongly disagree).
The Almere model evaluates the user’s acceptance of the digital
health agent by relying on constructs from the Unified Theory
of Acceptance and Use of Technology [12]. Users replied to 13
statements (eg, “I enjoyed participating in this session with the
health assistant”) that map to constructs that predict intent to
use the technology and perceived usefulness of the technology.
Responses were on a 7-point Likert scale (1=Strongly agree;
7=Strongly disagree).
The Godspeed questionnaire consists of 12 questions that
capture 5 constructs that measure human-like traits of robots,
which we adapted for ECA (eg, “The health agent seemed
warm”): (1) anthropomorphism (eg, moving rigidly or moving
elegantly), (2) animacy (eg, mechanical or organic), (3)
likeability (eg, unfriendly or friendly), (4) perceived intelligence
(eg, incompetent or competent), and (5) perceived safety (eg,
anxious or calm). Each trait could be rated as being very
human-like to very unhuman-like on a 7-point scale.
All questions included a fill-in option for participants to expand
on their numerical responses with qualitative feedback if they
wanted to. We highlight some of those comments in the Results
section.

Results
Acceptability and Utility
Participants reported high acceptability and utility of the
technology, as indicated by their scores on the Almere model
questions (mean 2.31, SD 1.05). Most participants reported
enjoying their interaction with the agent (44/51, 86%) stating
“The questions she asked me, no one had asked me before and
helped recognize my drinking problem.” They thought the agent
was both physically appealing (38/51, 74%) and had a pleasant
voice (42/51, 82%), stating:
He is neat, he has a good haircut, he is well dressed.
He appears wise, intelligent, and healthy.
The voice was adequate, calm, and confident.
Furthermore, participants indicated that they found it easy to
interact with the health agent (45/51, 89%) and they learned to
do so quickly (45/51, 89%), stating:
I just followed the instructions and voila!
I just waited and followed his instructions; it was
easy.
Participants had more difficulty with the voice feature of the
technology, with only 69% (35/51) reporting that they felt like
the agent understood them when they spoke into the microphone.
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Based on the qualitative feedback, this may have been due to
issues with participants’ microphone setting rather than the
technology itself:
I set my microphone up, but it seems there is a
problem with it.
I tried to speak my answers, but it never worked so I
ended up typing them.
Those who were able to get their microphones to work seemed
to have no difficulty speaking to the agent as echoed by their
qualitative feedback (eg, “I don’t even repeat my answers; the
agent understands me very well.”). Despite some difficulties
with the microphone, 78% (40/51) felt like they could have a
conversation with the agent, stating “I felt that he knows me,
knows what I want” and reported that they sometimes felt like
they were talking to a real person (36/51, 71%), stating that:
…his voice sounded quite real…
…the gestures he made, way he moved around…
he answered me like a real person…
Participants further reported that the health assistant was friendly
(45/51, 89%) and they found it to be useful (44/51, 88%)
because:
…he explained things that I did not know…
…it helped me recognize that I have a problem…
I learned a lot.
Participants reported that they were comfortable disclosing
information about their drinking to their digital health assistant
(48/51, 93%), with 83% (41/51) reporting that they were more
comfortable disclosing their drinking to the digital health
assistant over their medical doctor. Indeed, participants
highlighted:
The assistant gives me a level of trust that I don’t
have with other humans.
It is more easy talking to (the health agent) than to a
real person.
I don’t feel like they are judging me.
Finally, participants reported trusting the advice the health agent
gave them (43/51, 85%) and that they planned on following that
advice (44/51, 86%), stating:
I think she is sincere and wants to help me with my
problems.
…because it is based on facts and studies and that is
real and valid information for me.
One participant noted “I didn’t feel like I was given advice,
more like information to be able to make my own decision. I
was the one with the power to give myself advice.” — perfectly
capturing the intent of MI.

Engagement
Participants were highly engaged with the DHI, as indicated by
their score on the engagement questions (mean 2.86, SD –0.96),
indicating that the majority of participants agreed with
statements around how engaged they were. Specifically, 69%
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(35/51) were not worried about making mistakes while using
the technology, stating:
At first, it was a little bit intimidating, but then I felt
confident.
The assistant feels understanding, attentive, very
friendly.
A majority (44/51, 86%) thought it was a good idea to use the
health assistant, reporting:
He is kind of like a home counselor who works with
reliable information and statistics.
It is practical, easy to use, and guides the person on
what to do without forcing us to make a final decision.
Participants felt that the system could be adaptive to their needs
(46/51, 90%), stating that “it could be adapted to other health
problems like smoking.”
Finally, 88% (45/51) found the health assistant to be interesting,
indicating “I was impressed by the way it converts my answers
into figures and important information for my health” and said
they would interact with the agent again (43/51, 85%):
Setting a new exchange with the health assistant
would help me to reach my goal.

Impressions of the Digital Health Agent
Participants reported a high number of human-like traits on the
Godspeed questions (mean 2.07, SD 0.89). Participants reported
that the agent moved appropriately (43/51, 85%) and seemed
warm (46/51, 90%), responsive (45/51, 89%), knowledgeable
(47/51, 92%), relaxed (46/51, 90%), flexible (42/51, 83%),
honest (46/51, 90%), respectful (46/51, 90%), confident (47/51,
92%), interested (44/51, 86%), open-minded or nonjudgmental
(43/51, 84%), and supportive (45/51, 89%).
Overall, participants’ responses to the questionnaires and
qualitative feedback indicated that they found the delivery of
an MI intervention by a digital health agent over the internet to
be acceptable, be engaging, and have features that are close to
human-like.

Discussion
Our goal with this study was to understand if the technology
we developed was feasible (able to be implemented online),
acceptable, useful, and easy to use by consumers. As such, we
focused largely on the technology aspects of the intervention.

Principal Findings
This study provides an optimistic outlook for the use of digital
health agents to deliver brief online interventions in the future.
Consumers overwhelmingly reported positive experiences in
their interactions with the agent, with many reporting that they
trusted the agent and felt that they could more comfortably
disclose information that they may not have disclosed to a
human provider. This echoes what has been found in the
literature around disclosing to computers versus humans
[12,14,64,65].
Further, participants tended to attribute many human-like traits
to their agent (eg, friendly, trustworthy, kind) and commented
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positively on the physical appearance, voice, and physical
gestures of the agent. Our team engaged in coding of verbal
reflections, hand gestures, and facial expressions of a real
therapist to enhance the digital agent’s nonverbal communication
to resemble what a therapist might do in session [66].
Implications for this work are important. Given the shortage of
mental health workforces in many locations, digital health agents
may provide an acceptable complement to traditional
face-to-face therapy, reducing demand for higher levels of care,
where a digital health agent can act as a clinician “extender” to
deliver booster sessions. Similar to telehealth services, digital
health agents resolve a number of barriers to care such as
transportation and scheduling.
In addition, digital health agents reduce stigma around mental
health care, are less costly than one-on-one therapy, and can be
scaled out and disseminated. For individuals with high levels
of social anxiety, digital health agents may provide them with
a unique opportunity to get help. Given the digital nature of the
agent, it is possible to adjust the programming to make the agent
able to speak in multiple languages, reducing language barriers
for minority and refugee populations. Already, consumers can
pick a digital health agent from a library of diverse options of
physical visual features (gender, age, race, and ethnicity; see
Figure 2) and vocal features (gender). This is an exciting
development given the lack of a diverse mental health workforce
[67,68].
This study has provided the investigative team with valuable
feedback to improve the technology, including improving the
flow and tone of the voice, providing questions in text, and
formatting the technology for use on mobile phones and with
lower bandwidth.

Limitations
Despite these enthusiastic findings and implications, it is
important to note a number of limitations. First, digital health
agents cannot replace traditional therapy and certainly cannot
manage crisis situations. They are well suited for brief,
structured interventions, but cannot replace the complex nature
of a therapeutic relationship and complex therapeutic
interventions such as family therapy and emotion-focused
therapy. They were considered and studied in this article as
clinician “extenders.” Second, this study was conducted with
participants in the United States only. It is unclear if technology
acceptability would be as high in other countries. Third, the
impact of the DHI on actual alcohol outcomes remains unclear.
A study is underway to better understand the effects of a digital
health agent. Fourth, it is unclear whether ECAs are suitable
for various health problems besides alcohol and for various
other populations not studied here, such as the elderly or
children. Finally, the access to and cost of reliable internet
necessary to use ECAs may limit access to some — potentially
further increasing the digital divide.
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Conclusions
This type of intervention and research on digital health agents
in virtual reality over the internet are still in their infancy, and
there is much work to be done. For instance, the same BMI
intervention delivered in this study could be adjusted to other
health behaviors (eg, other substances, medication compliance,
weight management). Other interventions could be delivered
to screen or treat a variety of problems. Furthermore, our team
is working on integrating natural language dialog management
features such that the agent will respond to the consumer’s
answers without needing specific input from which to read. We
conducted preliminary work [26] for a speech-enabled ECA for
BMI interventions with promising results. However, natural
language understanding is still a very open research area of
computer science, and its use in DHIs is not robust enough to
deploy with real users who need support and help, without the
potential frustrations generated by unreliable agent’s speech
understanding. Our team has also worked on features based on
AI that allow a PC-based agent (ie, operating on PC only and
not web-based) to pick up on the consumer’s facial expressions
in real time (eg, if the consumer smiles, the agent smiles back),
which has been shown to improve users’ engagement with
digital health agents [25], and we plan to add this type of feature
to our web-based eEVA system.
Despite all these exciting potential developments, it is critical
to evaluate DHIs with high levels of rigor before they can be
deployed for the population at large. As pointed out by Carroll
[7], very few of the many available internet-based interventions
have been carefully evaluated in well-controlled clinical trials,
and the majority of those studies have been conducted with
college populations, bringing into questions the generalization
of the results to broader society. The conclusions that can be
drawn from many studies are constrained by high levels of
dropout, high attrition, and weak control conditions (eg,
waitlists). To that end, we will report on the results of the RCT
we conducted to assess the efficacy of the eEVA DHI compared
to a text-only version of the intervention.
We furthermore consider that these digital health agents and
DHIs can only complement the unique experience of
psychosocial therapy and serve as “clinician extenders” [7]. As
suggested by Mohr et al [21], mental health technologies in
general should be considered as sociotechnical systems (or
technology-enabled services rather than mere products) that
must fit within an ecosystem of mental health services (involving
human support and organizational factors). Our aim is to provide
relief to a clogged mental health system and provide online
access to self-help to individuals who otherwise would not
access traditional face-to-face care. Further research on whether
DHIs increase access to care by removing the barriers identified
earlier (eg, availability and proximity of trained providers,
affordability, stigma) or whether they increase the digital divide
is needed [21]. Digital health agents, even with integrated AI,
will not replace human therapists; they should be considered
therapist extenders.
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Abstract
Background: Children with cancer experience a myriad of nutritional challenges that impact their nutrition status during
treatment and into survivorship. Growing evidence suggests that weight at diagnosis impacts cancer outcomes, but provider
guidance on nutrition and diet during treatment varies. Nutrition literacy and culinary resources may help mitigate some common
nutritional problems; however, many patients may face barriers to accessing in-person classes. Along with dietitian-led clinical
interventions, web-based resources such as the newly updated electronic cookbook (e-cookbook) created by The University of
Texas MD Anderson Cancer Center, @TheTable, may facilitate access to nutrition and culinary education during treatment and
into survivorship.
Objective: We sought to define and describe the features and content of the @TheTable e-cookbook and compare it with
analogous resources for a lay audience of patients with childhood cancer and childhood cancer survivors as well as their families.
Methods: We evaluated freely available web-based resources via a popular online search engine (ie, Google). These searches
yielded three web-based resources analogous to @TheTable: the American Institute for Cancer Research’s Healthy Recipes, The
Children’s Hospital of San Antonio’s Culinary Health Education for Families Recipe for Life, and Ann Ogden Gaffney and Fred
Hutchinson Cancer Research Center’s Cook for Your Life. These sites were analyzed for the following: number of recipes, search
functionality, child or family focus, cancer focus, specific dietary guidance, videos or other media, and miscellaneous unique
features.
Results: Cook for Your Life and Culinary Health Education for Families Recipe for Life were the most comparable to @TheTable
with respect to cancer focus and family focus, respectively. Healthy Recipes is the least user-friendly, with few search options
and no didactic videos.
Conclusions: The @TheTable e-cookbook is unique in its offering of child- and family-focused content centered on the cancer
and survivorship experience.
(J Med Internet Res 2021;23(9):e24515) doi:10.2196/24515
KEYWORDS
pediatric oncology; web-based resources; oncology nutrition; culinary education; oncology; children; pediatric; nutrition; culinary;
education
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Introduction
An estimated 300,000 children aged 0-19 years are diagnosed
with cancer each year in the United States [1]. Although the
incidence of cancer in children and adolescents in the United
States has risen slightly over the past few decades, the 5-year
survival rate has improved from 58% to over 80% since the
mid-1970s [2-4]. This significant improvement in survival rate
has resulted in the need to mitigate long-term treatment-related
sequelae in childhood cancer survivors (CCS), such as secondary
cancers, obesity, and cardiovascular disease. Many of these late
effects may be exacerbated by excess weight and poor diet,
which highlights the importance of nutrition education across
the cancer care continuum [5]. Despite these issues, adherence
to dietary guidelines is low across the population, including
among children without a history of cancer [6], CCS [7,8], and
adult survivors of childhood cancer [9-11]. Specifically, the
diet of CCS is lacking in fruits, vegetables, and calcium [11,12].
Resources that promote diet quality are scarce for patients with
childhood cancer undergoing treatment and CCS as well as their
families.
Evidence suggests that children with a BMI outside a healthy
weight range at presentation (ie, <5th or >85th percentile
[13,14]) have significantly poorer survival than those with a
BMI within the healthy weight range [14-17]. Diet quality
commonly worsens during treatment in pediatric patients [18]
and into survivorship [8,19]; however, provider guidance on
diet modification and nutrition adequacy is rarely offered and
greatly varies. Recently diagnosed patients and their families
have voiced the need to incorporate guidance on appropriate
nutrition and lifestyle changes in cancer care [20]. Younger
patients may be at particular risk of experiencing adverse effects
due to a poor diet that was present and continued through
treatment—as many dietary habits are established by the age
of 3 years—or one that started during treatment [18,21].
While diet quality in pediatric patients and CCS warrants further
research, practical and accessible dietary guidance is clearly
needed for patients during treatment. Parents of CCS refer to
digital nutrition- and cooking-related content to inform their
food choices [22]. Digital information provided by authorized
sources could support families of CCS by dispelling diet myths,
curbing the spread of misinformation, and promoting nutrition
literacy and culinary knowledge. Nutrition-focused web-based
resources may help increase the frequency of homemade meals,
a factor that has been positively associated with diet quality.
Web-based resources focused on healthy eating are promising
means to mitigate common treatment-related sequelae and late
effects as well as barriers to accessing information on nutrition
among CCS.
This paper describes nutrition-focused web-based resources
targeted to patients with childhood cancer and CCS as well as
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their families. The University of Texas MD Anderson Cancer
Center’s (MDACC) electronic cookbook (e-cookbook),
@TheTable, was developed in 2012 by a team of research
dietitians, culinary specialists, and other staff [23]. Since its
original dissemination, @TheTable has undergone significant
design changes to improve its user-friendliness. The collection
of recipes and nutrition-related content has grown substantially,
and the educational nutrition information is now offered in three
additional languages (Spanish, Mandarin Chinese, Arabic) that
reflect well-represented populations within the institution. In
this study, we compared the features and content of @TheTable
with those of other freely available web-based resources and
highlighted the unique aspects of this e-cookbook.

Methods
Search Strategy for the Identification of Web-Based
Resources
We mirrored the methods typically used by patients, survivors,
and families to acquire information and conducted multiple
internet searches between 2019 and 2020 using combinations
of keywords such as “tools,” “cancer,” “recipes,” “healthy,”
and “eating.” An MDACC research librarian independent of
our research team additionally assisted in the search and found
comparable results.

Resource Selection
Resources were included based on the following criteria: a
substantial (>100 recipes) and searchable recipe catalogue,
cost-free use of resource, and authorized source (ie, content
generated or reviewed by a registered dietitian or affiliated with
a major institution). From the web-based search, the two closest
analogues to @TheTable were selected for in-depth analysis.
The included sites were analyzed for the following: number of
recipes, search functionality, child or family focus, cancer focus,
specific dietary guidance, videos or other media, and
miscellaneous unique features. To compensate for the
uniqueness of the resources targeted to childhood cancer
populations, the Culinary Health Education for Families (CHEF)
Recipe for Life site created by The Children’s Hospital of San
Antonio was included as a web-based resource with a pediatric
focus that the research team was familiar with.

Features and Content Extraction
Website features are shown in Table 1. Content extracted
included number of recipes available on the site and ability to
search by certain criteria (eg, texture, symptom, nutrition need,
meal type). Filters and search functionality were included as
key features of web-based resources, as these allow organization
of larger libraries or nutrition content for browsing and also
allow users with specific questions or needs to find information
quickly, thus increasing usability.
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Table 1. Key features of web-based cookbooks and resources for patients.
Site title

Author

Recipes, n

Search by Search by Search by Child
symptom nutrition meal type focus

Cancer
focus

Diet
Videos Other features
tips/guides

@TheTable
[24]

The University of
Texas MD Anderson Cancer Center

>770

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Question submission

Healthy
Recipes [25]

American Institute 250-300
for Cancer Research

No

No

Yes

No

Yes

Yes

No

Physical activity
guidelines

No

Yes

Yes

Yes

No

Some

Yes

Teaching kitchens;
provider referrals
to culinary programs; home activities; blog; community resources

No

No

Yes

No

Yes

Yes

Yes

Culturally adapted
menus; menu collections

Culinary Health The Children’s
Education for
Hospital of San
Families Recipe Antonio
for Life [26]

Cook for Your
Life [27]

>75

Ann Ogden
>500
Gaffney; Fred
Hutchinson Cancer
Research Center

The presence or absence of child or family focus was also noted.
A “kid-friendly” website was one that had a sensory approach
to food (eg, inclusion of color, shape, texture) to
facilitate accommodating child-specific preferences and
aversions (related or unrelated to treatment); focused on
child-specific nutritional needs related or unrelated to the
cancer experience; and acknowledged the role and journey of
the caretaker or parent in treatment and survivorship. Cancer
focus was gauged according to whether recipes could
accommodate treatment-related adverse effects; the presence
or absence of symptom- or treatment-specific content or search
functions largely defined this category. The availability of
nutrition tips or guidelines, the presence of freely available
didactic videos, and miscellaneous features unique to the
web-based resource (ie, overlapping in-person classes, home
activities, blogs or newsletters, cultural inclusivity) were
assessed.

Results
Included Web-Based Resources
To better examine the MDACC @TheTable e-cookbook,
selected web-based resources were analyzed. We identified the
following: Healthy Recipes from the American Institute for
Cancer Research; CHEF Recipe for Life from the Children’s
Hospital of San Antonio; and Cook for Your Life, created by
Ann Ogden Gaffney and owned by the Fred Hutchinson Cancer
Research Center.

@TheTable Resource
@TheTable is a web-based resource that may be accessed
without cost or subscription. It includes over 770 recipes that
are searchable by symptom, nutritional need, texture, and flavor,
in addition to standard cookbook features (Table 1).
Nutrition-related filters allow selection of nutritious recipes
specific to certain diets such as vegan, vegetarian, and
low-sodium diets (Figure 1). Figure 1A shows a screenshot of
the landing page for the @TheTable e-cookbook. From this
page, site visitors can access a myriad of freely available
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resources specifically designed for patients with cancer. The
family focus of the e-cookbook aims at bolstering the nutritional
habits of family units. The salient features of the e-cookbook
are recipes searchable by symptom, meal type, texture, and
color, as well as nutrition tip sheets and didactic videos. Most
recipes are in English, and some are in Spanish. Figure 1B shows
nutrition tip sheets available in this e-cookbook. Freely available
tip sheets on @TheTable can additionally be accessed in
Spanish, Mandarin Chinese, and Arabic. This augments
accessibility, especially for bilingual households or those living
outside the United States. Tip sheets cover topics such as the
nutritional needs of growing girls and boys undergoing treatment
for cancer, the management of symptoms such as constipation,
and practical tips for the grocery store. Figure 1C shows the
@TheTable nutrition guide for pediatric patients with leukemia.
The nutrition booklet follows the pedagogy of MyPlate, the
nutrition guide likely used by families in public schools in the
United States, and builds on that knowledge. It aims to establish
a common language to enhance future interactions with
clinicians and dietitians caring for pediatric patients with cancer.
This booklet centered around the five food groups is also
available in Mandarin Chinese, Arabic, and Spanish.
Symptom-related filters show recipes that accommodate
common treatment-related adverse effects such as diarrhea,
nausea, dysgeusia, and constipation (Figure 2). Site visitors can
also use the color filter to search by phytonutrient (eg,
blue/purple filter for anthocyanin-rich foods). These specific
filters were designed to complement a trifold brochure
distributed at weekly in-person MDACC culinary classes. The
texture filter allows the user to find comfort measures for
symptoms such as mouth sores or mucositis (eg, soft or
smooth/creamy) or select sensory aspects (eg, crunchy, dry,
chewy). Videos on @TheTable show prerecorded recipes filmed
in an onsite research kitchen. These 19 instructional videos
feature pediatric patients, chefs or culinary experts, and research
dietitians. An additional feature of @TheTable is the nutritional
guidance on various topics delivered via tip sheets and booklets
(N=26; Figure 2). As Table 2 illustrates, these are also available

J Med Internet Res 2021 | vol. 23 | iss. 9 | e24515 | p.1401
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
in Spanish (19/26, 73%), Mandarin Chinese (18/26, 69%), and

Wartenberg et al
Arabic (18/26, 69%) to increase usability.

Figure 1. Representative images of @TheTable features for patients with cancer and survivors.
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Figure 2. Schematic of additional @TheTable features highlighting its specialty focus and nutritional education, culinary, and multilingual content.

Table 2. Breakdown of nutrition education tip sheets available on @TheTable by broad topic.
Health topic

Example(s) of content

Tip sheet quantity

Available translations
Spanish

Mandarin Chinese

Arabic

3

3

3

Cancer prevention

•
•

Add color to your diet!
Fallin’ for pumpkin

Healthy eating

•

5

5

5

•
•

Healthy eating during treatment and beyond 10
booklet
What do I eat?
A girl’s checklist for healthy eating

Healthy cooking

•
•
•

Meal ideas
Prepping vegetables
Stock your spice cabinet

10

9

8

8

Symptom management

•

Fiber and constipation

2

2

2

2

Healthy Recipes Resource
The Healthy Recipes site segments its content into the following
two portals that branch off into more focused evidence-based
guidelines: cancer prevention and cancer survival. Its recipe
search tool is limited to ingredients or meal types; in this way,
it does not explicitly focus on the cancer experience. Unlike
@TheTable, this web-based resource does not have a child or
family focus. Its nutrition-related content is centered around
the New American Plate, a broadly used dietary model
formulated under the guidance of the American Institute for
Cancer Research’s Third Expert Report, which translates
cancer-specific, evidence-based nutrition recommendations into
practical visual aids for the patient or consumer.

CHEF Recipe for Life Resource
All content on CHEF Recipe for Life is available in either
English or Spanish. Recipes can be searched by difficulty level
(ie, beginner, intermediate, advanced), meal type, and special
https://www.jmir.org/2021/9/e24515
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diets (eg, dairy-free, low-fat, nut-free). Moreover, its didactic
videos offer either recipe instructions or culinary skill tutorials.
Users can sign up for newsletters, submit a form to ask a
dietitian a specific question that is subsequently addressed in a
site blog, or access a provider referral form to enroll in onsite
evidence-based classes in the San Antonio area. However, the
site focuses on management and prevention of chronic diseases,
including type II diabetes and obesity. Its content is thus not
cancer-specific, though this site had the strongest community
focus of the included sites.

Cook for Your Life Resource
The web-based resource Cook for Your Life has a substantial
recipe collection (>500 recipes) that can be searched by meal
type, food preferences, or health considerations. Further, a
“menus and collections” feature clusters recipes around
commonalities such as “Vegan Kitchen Basics” and “Eat What
You Can to Feel Better.” This website stands out for its
substantial video collection, which includes skill-building,
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culinary technique, and recipe demonstrations. Its blog
component delivers educational content related to specific food
items or ingredients (eg, farro, avocado, curry powder) as well
as nutrition guidelines (eg, adequate hydration, survivorship).

Comparison of Included Sources
All of the discussed web-based resources encourage
plant-forward eating. Only @TheTable and Cook for Your Life
include the option to filter recipes according to treatment-related
symptoms. Like CHEF Recipe for Life, Cook for Your Life has
all its content in either English or Spanish, whereas @TheTable
has only selected content in other languages. Cook for Your
Life and @TheTable both focus on cancer, though Cook for
Your Life content is not based on the family or pediatric patient.
CHEF Recipe for Life and @TheTable stand out among the
included web-based resources for their focus on the family and
pediatric patient. Notably, family-centered approaches to prevent
obesity have proven to be most effective in pediatric nutritional
interventions [28,29]. While @TheTable has cancer-specific
content, CHEF Recipe for Life centers on chronic disease
prevention and management. Further, the Healthy Kid Favorites
search filter found in @TheTable, for instance, allows the user
to search for recipes commonly enjoyed by children (eg,
macaroni and cheese, pizza, nachos), which are altered to some
extent to augment the nutritional profile. For example, the
“Chicken Rainbow Nachos” recipe has fiber-packed vegetables
with protein-rich chicken and black beans as nutritionally dense
additions to the traditional ingredients. Moreover, the recipe is
designed as part of a set of “nested recipes,” which begin with
a foundational “parent” recipe (eg, Tomato Poached Chicken
Filling) that is used to create “child” recipes (eg, Chicken
Rainbow Nachos). This approach stems from a
community-based intervention with low-income Hispanic
families. It allows for economizing and adds variety in
home-prepared meals, though it may increase time spent in the
kitchen. In addition, @TheTable has over 30 of approximately
770 recipes (~3.8% of the recipe collection) in Spanish, which
allows broader user reach.
An additional aspect unique to @TheTable is the ability to
search for recipes according to a color associated with a
corresponding phytonutrient. This feature can be used
independently, though it is meant to complement a physical
trifold brochure given to patients and families at MDACC
nutrition-focused events such as the onsite weekly cooking
classes held in the inpatient unit at the Ronald McDonald House
Kitchen. Users can search for orange or red foods, for example,
which they learn are rich in carotenoids by reading the brochure.
This offers the dual benefit of considering child food preferences
as children may be particular about the color of a food or dish.
Recipes from this e-cookbook are routinely used in MDACC
onsite cooking classes delivered to patients with childhood
cancer and CCS as well as their families [30,31].

Discussion
This paper describes the unique features of the redesigned
@TheTable e-cookbook. We compared it to three analogous
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websites and found that it is unique in its focus on cancer in the
pediatric context, as well as search functionality and recipe
collection. Further, we found that Cook for Your Life and CHEF
Recipe for Life are most similar to @TheTable with respect to
cancer and family focus, respectively. Healthy Recipes is the
least user-friendly because it has fewer search options than the
other websites and no didactic videos.
Web-based resources with a nutrition focus are particularly
relevant to pediatric oncology because of the poor diet quality
commonly observed in both patients [32-36] and survivors
[8,37]. Specialized nutrition resources addressing common
treatment-related problems and late effects may help promote
healthy eating patterns and improve patient and survivor
outcomes [8,15,35,37-39]. While @TheTable and other
web-based resources may play an important role in augmenting
nutrition literacy and nutrition education in patients with cancer
and survivors and their families, these do not supplant
dietitian-led nutrition care. These resources are mainly
descriptive, which limits conclusions regarding how these
resources may be most effectively integrated into patient care.
Web-based resources, such as @TheTable, have the potential
for broad utilization in both digital and in-person interventions.
For example, @TheTable has been used across diverse settings
such as in-person cooking classes at summer camps for CCS,
the pediatric inpatient unit, childhood cancer awareness events,
and several cooking- and nutrition-focused studies [22,30,31,40].
However, patients and families could face barriers to
participating in in-person interventions. Beaulieu-Gagnon et al
[41] identified common barriers faced by patients with childhood
cancer in attending face-to-face nutrition classes. Notably, low
attendance (17 participants over 1 year) resulted in the
cancelation of 71% of their healthy cooking courses. Similarly,
low attendance is a problem at the in-person weekly cooking
classes in the pediatric inpatient unit at MDACC; plans to attend
are disrupted for even the most engaged and interested dyads
because of unforeseen medical appointments or because the
child feels unwell.
A disproportionately higher incidence of treatment-related
problems is seen in CCS with low-income or multiracial
background [42]. Unfortunately, the need for culturally adapted
nutrition- and diet-focused content remains largely unaddressed.
Although it is merely a start, @TheTable has most of its
educational nutrition content translated into three languages (ie,
Spanish, Mandarin Chinese, Arabic), which helps broaden
access to this information. Cultural adaptation is imperative for
meeting the unique needs of culturally diverse demographic
groups. Some innovative digital resources tackle the widespread
issue of limited patient access to registered dietitian services
[43]. Ina, developed by Savor Health, is a virtual dietitian
directed by user input and artificial intelligence. This chat bot
provides expert on-demand dietary counseling and recipes via
SMS text messaging after patient data is provided. The tools
described above highlight ways in which digital applications
can potentially enhance patient and survivor care and in turn
improve outcomes. Further research is needed to understand
the impact of these novel technologies and digital resources.
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Abstract
Early decisions relating to the implementation of virtual care relied on necessity and clinical judgement, but there is a growing
need for the generation of evidence to inform policy and practice designs. The need for stronger partnerships between researchers
and decision-makers is well recognized, but how these partnerships can be structured and how research can be embedded alongside
existing virtual care initiatives remain unclear. We present a series of case studies that illustrate how embedded research can
inform policy decisions related to the implementation of virtual care, where decisions are either to (1) discontinue (red light), (2)
redesign (yellow light), or (3) scale up existing initiatives (green light). Data were collected through document review and informal
interviews with key study personnel. Case 1 involved an evaluation of a mobile diabetes platform that demonstrated a mismatch
between the setting and the technology (decision outcome: discontinue). Case 2 involved an evaluation of a mental health support
platform that suggested evidence-based modifications to the delivery model (decision outcome: redesign). Case 3 involved an
evaluation of video visits that generated evidence to inform the ideal model of implementation at scale (decision outcome: scale
up). In this paper, we highlight the characteristics of the partnership and the process that enabled success and use the cases to
illustrate how these characteristics were operationalized. Structured communication included monthly check-ins and iterative
report development. We also outline key characteristics of the partnership (ie, trust and shared purpose) and the process (ie,
timeliness, tailored reporting, and adaptability) that drove the uptake of evidence in decision-making. Across each case, the
evaluation was designed to address policy questions articulated by our partners. Furthermore, structured communication provided
opportunities for knowledge mobilization. Structured communication was operationalized through monthly meetings as well as
the delivery of interim and final reports. These case studies demonstrate the importance of partnering with health system
decision-makers to generate and mobilize scientific evidence. Embedded research partnerships founded on a shared purpose of
system service provided an effective strategy to bridge the oft-cited gap between science and policy. Structured communication
provided a mechanism for collaborative problem-solving and real-time feedback, and it helped contextualize emerging insights.
(J Med Internet Res 2021;23(9):e25797) doi:10.2196/25797
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virtual care; primary care; embedded research; implementation; knowledge exchange; health policy
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Background
Technologies that enable virtual care are a central focus of health
care transformation efforts worldwide [1-4], yet their uptake in
practice fell considerably short of their potential prior to the
COVID-19 pandemic [5-8]. The necessary reorganization of
care in response to the pandemic has introduced a plethora of
large-scale virtual initiatives [9,10], overcoming many of the
oft-cited policy barriers to introduction [11,12]. Nevertheless,
the production of scientific knowledge lags behind the
proliferation of virtual solutions and focuses largely on efficacy
[13-15] and experience [16-18]. Such evidence is critical but
does not provide actionable insight into how to best
operationalize virtual care, including patients and situations for
which it is most appropriate. As a result, system administrators
and policy makers are left to make decisions based on
incomplete evidence and anecdotal experience.
The COVID-19 pandemic has highlighted the challenges of
making decisions in the absence of evidence [19], driven largely
by the speed and severity of its spread [20]. Although early
decisions during the pandemic relied on necessity and clinical
judgement, there is a growing recognition of the need to apply
scientific principles with greater vigilance and flexibility than
we have traditionally applied [20]. Simply put, we need to
generate contextually relevant scientific research informed by
policy needs and timelines to support decision-making. There
is an increasing understanding of the underlying social and
relational processes that drive the use of evidence [21],
underscoring the need to evolve beyond the traditional model
of knowledge translation to focus on knowledge mobilization.
In this sense, knowledge mobilization refers to the “the
reciprocal and complementary flow and uptake of research
between researchers, knowledge brokers and knowledge users”
[22]. The key distinction is that the presence or production of
knowledge alone is insufficient to drive change. Instead,
personal contact and interaction between knowledge producers
(ie, researchers) and knowledge users (ie, decision-makers) are
required to ensure evidence-based transformation [23].
The need for stronger partnerships between researchers and
decision-makers is well recognized [24]; however, we were
unable to find examples of successful partnerships relating to
virtual care in the literature. This paper outlines three novel case
examples from an embedded research partnership that adopted
the model of engaged scholarship—a demand-driven approach
that seeks partnership with health system decision-makers by
focusing specifically on their needs and the context for
decision-making [25]. In a demand-driven approach, key
political actors ask for evidence to be made available and are,
in turn, receptive to the findings [26]. We present these three
cases to illustrate how the core components of such engaged
scholarship (ie, prioritizing the needs of decision-makers and
responsiveness to decision-maker context) were operationalized
in order to embed evaluation alongside system initiatives in
order to understand whether or not their aims are being achieved.
We describe several underlying characteristics that enabled
success to support the tactical realization of engaged scholarship
and its replication; we also identify directions to build on these
characteristics in the future. Although understanding how and
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why policy decisions are made is beyond the scope of this paper,
we highlight how and why the evaluations were constructed in
a way to support this decision-making process.

Operationalizing a Model of Engaged
Scholarship in Virtual Care
Barrett et al [27] suggest that acquiring relevant knowledge and
skills to produce effective research for decision-making involves
researchers spending time in a decision-making environment.
Our model of partnership approximates this and builds on
recommended knowledge mobilization principles of cross-sector
and interagency learning [21] by creating an organizational
partnership founded on a mutual interest of driving digital
transformation within the health system. It represents a
“collaborative form of inquiry in which academics and
[clinicians] leverage their different perspectives and
competencies to coproduce knowledge about a complex
problem” [28].
In 2016, the Women’s College Hospital Institute for Health
System Solutions and Virtual Care (WIHV) partnered with the
Ontario Telemedicine Network (OTN)—a nonprofit,
government-funded organization and the largest provider of
publicly funded telemedicine services in the province of Ontario,
Canada. This partnership was initially founded as a product of
funding stipulations set by Canada Health Infoway (CHI) that
required an independent evaluation alongside a series of virtual
care initiatives implemented by the OTN and funded by the
CHI. Although the CHI had a direct relationship with the OTN,
they were not involved in, nor did they influence the evaluation.
These initial evaluations (including cases 1 and 2 described
below) created a platform to invest the necessary time, effort,
and resources in developing the partnership and establishing a
proof of concept that would serve as a foundation for subsequent
evaluations (eg, case 3, among others).
The series of case studies described below represent various
system-level initiatives independently led by the OTN, who
was responsible for selecting and implementing virtual care
technologies through the funding received from the CHI. As
policy decisions often relate to the question of whether the
system should (1) discontinue (red light), (2) redesign (yellow
light), or (3) scale up (green light) a given program, we have
selected case studies that are illustrative of how evaluation can
support each of these situations. Each case involves the
evaluation of a patient-facing technology aiming to enable some
aspect of health care delivery (eg, interactions with health care
providers, remote monitoring, and self-management).
The OTN’s overarching interest in each evaluation was to
understand the impact of the technology in question. With this
in mind, a team of individuals from each organization engaged
in early discussions to clarify specific research questions,
methods, and the conditions required for successful execution
of the project (eg, access to third-party data from a project
partner). The WIHV then prepared evaluation proposals for
review and approval by the OTN and identified the
interdisciplinary expertise required to execute the evaluation
(ie, researchers with expertise in quasi-experimental methods;
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(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
researchers with expertise in applied qualitative methods;
clinician scientists with relevant content expertise; and advisors
with expertise in health system governance, regulation, and
policy). Following approval from the OTN, the evaluations
were conducted independently by the WIHV according to
timelines set by the OTN. For each project, interim and final
reports were provided to partners to inform decision-making
(see Table 1 for project timelines). Initial versions of the reports
were submitted to partners for their comments and consideration.
The report was then sent back to our team for revisions,
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including addressing outstanding questions (where possible
within the limits of the data), and to provide clarifications where
the report was unclear, or the tacit knowledge of the research
team was not made explicit. Since this process could continue
ad infinitum, the partnership included an agreed upon limit of
two rounds of revisions for all project reports. Monthly
check-ins also provided an opportunity for emerging findings
to inform ongoing planning and decision-making frequently,
and in real time.

Table 1. Project timelines.
Project launch

Interim report

Final report

Total duration

Case 1

July 2016

August 2017

January 2018

18 months

Case 2

July 2016

August 2017

January 2018

18 months

Case 3

September 2017

April 2018

April 2019

19 months

Case 1: A Mobile Self-management
Platform for Type 2 Diabetes (Red Light)

realized by the informed decision to avoid a significant
investment, thereby conserving financial resources for
investment in areas with the promise of higher return.

The OTN piloted WellDoc BlueStar as an adjunct to the standard
diabetes self-management education provided through provincial
diabetes education centers [29,30]. BlueStar provides a
web-based mobile coaching app for patients with type 2 diabetes
mellitus, with tailored messaging based on user-inputted clinical
data and the option to share data with patients’ health care
providers (eg, physicians, nurses).

Case 2: A Web-Based Self-management
Platform for Mental Health (Yellow Light)

The WIHV independently conducted a multicenter, pragmatic,
randomized, wait-list controlled trial with blinded outcome
assessment, inclusive of a qualitative realist evaluation [29].
This study design was selected to ensure we could answer the
OTN’s key question, “What is the impact of this technology?”
while also accounting for the evaluation team’s question of
whether the technology had an impact compared to usual care
and, if so, who it appeared to have an impact for. Results showed
no difference in blood glucose levels, self-care behaviors,
general health status, and self-reported health care utilization
between the control and intervention groups [31]. Usage of the
mobile app varied considerably by site, suggesting that
contextual factors play a central role in achieving impact [31].
A secondary analysis of trial data revealed a potential
dose-response relationship. The embedded realist evaluation
indicated that patient characteristics were associated with
positive outcomes, suggesting that individuals with moderate
self-efficacy, no competing priorities, evidence of previous
behavior change, and beliefs about the value of technology to
support health may be more likely to engage and realize benefits
[32].
Findings from this evaluation underscored the importance of
implementing the technology for the right patients in the right
settings. These insights were first brought to the attention of
the OTN in a preliminary report, whereby timely delivery of
trusted information enabled internal conversations about future
directions. The OTN decided to revisit the clinical model for
supporting type 2 diabetes mellitus and, therefore, did not
proceed with procurement. Success in this partnership was
https://www.jmir.org/2021/9/e25797
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To enhance mental health capacity in Ontario, the OTN piloted
the Big White Wall (BWW, now known TogetherAll [33]) as
a virtual strategy to support the self-management of mental
health for individuals requiring specialized mental health care
[34,35]. At the time of the study, the BWW was a
subscription-based web intervention that offered users
anonymous access to peer support and self-directed learning
courses [36,37].
The WIHV independently conducted a multicenter, parallel-arm,
pragmatic randomized controlled trial evaluating the
effectiveness of the BWW pilot implementation within the
Ontario context [34,35,38]. This study design was selected to
ensure we could answer the OTN’s key question “What is the
impact of this technology?” while also accounting for the
evaluation team’s question of whether the technology had an
impact compared to usual care and how much engagement was
required to achieve impact. Participants were recruited from
outpatient mental health and addictions programs at three
hospital sites in Ontario, and they were randomized to receive
immediate or delayed access to BWW for a 3-month period (ie,
the primary trial) [34,35]. Those who received immediate access
and expressed a desire to continue use were randomized to an
additional 3-month extension of use of the BWW, for a total
use of 6 months, reflecting the default licensing model offered
by the company or a control group comprising those who
discontinued use during the extension trial [38].
Small but statistically significant benefits in mental health
recovery, anxiety, and depression symptoms were observed
among participants who received immediate access [34].
Engagement was variable, with approximately 80% of total
logins being accounted for by 20% of all participants. A
secondary analysis suggested a dose-response relationship;
however, most participants did not engage in the platform in an
J Med Internet Res 2021 | vol. 23 | iss. 9 | e25797 | p.1410
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ongoing way [34]. This suggested differences in how this
intervention might be utilized by participants outside of the trial,
and how such use might eventually benefit them. This trend
was further evaluated through the extension trial, with 51%
(119/233) of the participants from the primary trial indicating
an interest in extending their access to the BWW [38]. These
participants had significantly higher anxiety levels at baseline,
providing evidence of the clinical characteristics of patients
who are more likely to derive benefit. Of those who received
extended access, only 38% (21/55) engaged during the 3-month
extension period, with no significant changes observed [38].
Findings from this study directly informed procurement
conversations and policy decisions. Despite the company’s
default subscription model of 6 months, evaluation findings
suggested that patient benefit plateaued at 3 months.
Furthermore, most participants who were given access logged
on only once or not at all, suggesting that a shared risk model
whereby payment is triggered after a second login would be
more cost-effective. This credible evidence provided
decision-makers with the insights and confidence needed to
modify their procurement approach, under the conditions
outlined above. The nature of the partnership ensured that
findings were delivered in a timely manner, with preliminary
findings presented at monthly meetings as they emerged, and
a final report delivered as the pilot wrapped up. These
characteristics of the partnership allowed the OTN to consider
emerging evidence as part of their strategic planning, leading
to a province-wide roll-out of the BWW in October 2018 [39].

Case 3: A Platform to Support Video
Visits and Asynchronous Messaging in
Primary Care (Green Light)
The Enhanced Access to Primary Care (EAPC) proof-of-concept
pilot was conducted by the OTN across five primary care sites
in the province of Ontario as a model to improve primary care
access. It introduced two technology platforms through which
virtual visits could be delivered, and a renumeration structure
through which primary care providers could be reimbursed.
An embedded cohort study using a mixed methods approach
was utilized, including patient and provider interviews, patient
and provider surveys, as well as data on technology use from
the vendor. This study design was selected to ensure we could
support the OTN in understanding “How do we scale this
model,” while also accounting for the evaluation team’s question
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of which components of the model should be scaled (and which
should not) and why. Findings indicated interest from patients
[40,41] and providers [42] in conducting primary care visits
through virtual modalities, with secure messaging being utilized
for 94% of visits [41]. Providers were generally satisfied with
the renumeration structure, although it was unclear whether
they knew that it was slightly less than the remuneration offered
for in-person visits. Lastly, about 81% of all virtual visits were
delivered asynchronously, and they did not require additional
follow-ups, suggesting that virtual visits could substitute for
in-person primary care visits [41] and that they did not seem to
create additional work.
Findings from this evaluation demonstrated the value of virtual
care, and secure messaging in particular, in improving access
to primary care and the patient experience. Of particular interest
to our policy partners was the tailored messaging that helped
answer the questions “Does this create additional work?” and
“What is the appropriate compensate model?” Our findings
highlighted the level of acceptance among providers relating to
both the workload and pilot renumeration structure. Based on
these findings, a province-wide expansion of EAPC is underway
[43], and the Ontario Ministry of Health and Long-Term Care
has committed CA $3 million (US $ 2.4 million) in new funding
to compensate physicians for these visits [44].

Discussion
Prior work has characterized the involvement of decision-makers
according to different stages of the research process [45], but
explicit identification of the relationship-based and practical
factors that underpin successful partnerships [46] and how they
are realized is poorly described. Furthermore, researchers often
cite challenges understanding project context, whereas
stakeholders are concerned that results will be delivered well
after the agreed deadline [46]. We build upon previous work
by identifying the explicit mechanisms through which this
partnership avoided the common pitfalls whereby stakeholders
do not receive the information or evidence they require [46].
Recognizing that ongoing engagement is key [46], we have
explicitly outlined the characteristics of the partnership (Figure
1) and how and why these characteristics were operationalized.
This embedded research partnership provides a model to
appropriately scale up virtual care initiatives [7] by establishing
effective partnerships between policy makers and researchers
and enhancing the accessibility of evidence.
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Figure 1. Characteristics of embedded scholarship.

The success of this partnership was driven by its underlying
characteristics (the why) as well as the characteristics of the
process (the how; see Figure 1). This partnership is founded on
a shared purpose, which in this instance meant the partnership
existed to advance the interests of the health care system and
the public it serves. This shared purpose was a function of the
OTN’s accountabilities to both the funder and the system and
the research team’s interest in using their expertise for applied
impact. Stemming from this, scientific activities were therefore
undertaken with the primary goal of providing applied, objective
evidence for the health system decision-maker. Although
scientific rigor is central to the core values [47], short timelines,
limited funding, and the need for local relevance may trump
methodological concerns. In this way, this partnership model
builds on the existing knowledge base by blending aspects of
integrated knowledge translation (ie, an explicit focus on
increasing knowledge use and impact) [48] with engaged
scholarship (ie, the research process gathers the perspectives of
key stakeholders) [25]. Further, this work explicitly describes
the tactical elements of the partnership that enabled the core
components of engaged scholarship. Built on a fundamentally
interdisciplinary approach [47], health system partners are
systematically engaged in the discovery, development, and
mobilization of scientific knowledge generated through this
model [49,50]. In this regard, the process is adaptable but
generally aligned with the knowledge-to-action process [51],
whereby the tactical elements (ie, regular check-ins with
partners) provide an opportunity to solicit feedback with regard
to the knowledge inquiry, synthesis, and eventual products,
providing a mechanism to inform adaptations to the evaluation
to ensure it meets the policy needs. It is important to note that
adaptations are made in a way that does not threaten scientific
integrity. For example, in case 1, the initial focus of the
evaluation was to understand the impact of the technology.
While discussing preliminary results, it became clear that the
current clinical model was suboptimal, and the evaluation
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needed to shift to identify the circumstances under which the
technology might work and for which types of patients.
Our experience highlights that it is not just the above
fundamental characteristics that will ensure success, but how
these characteristics were operationalized that will support
replication and scale of this model (Figure 2). First, the
partnership is driven by trust and a shared purpose. Trust is
established on the strength of the scientific methods, the
credibility of the team, and the commitment to delivering
insights that meet the needs of decision-makers, and over time,
the degree to which the partnership produces such insights. The
partnership terms required that evaluation activities be
independently conducted to maintain integrity, credibility, and
objectivity. This builds trust by ensuring that the resulting
evidence is unbiased, rigorous, and respectful of patient,
provider, and policy perspectives. Establishing shared purpose
requires effective communication and a commitment on behalf
of the researchers to describe findings in the context of
immediate key challenges faced by system partners [27]. These
characteristics inform the processes underlying the partnership,
including timeliness, tailored reporting, and adaptability. Across
our cases, these characteristics were embodied through an
iterative knowledge mobilization strategy. Structured
communication activities operationalized timeliness and
adaptability in a deliberate attempt to avoid the production of
findings that are not available when decisions need to be made
or are not aligned to the practical requirements of policy [52,53].
Similarly, providing these empirical insights to decision-makers
allowed them to reflect on their assumptions (ie, there is a fit
between the problem and the technology) and pivot their
questions accordingly to fill gaps in their understanding.
Operationalizing the characteristics of trust, shared purpose,
timeliness, tailored reporting, and adaptability were central in
demonstrating value, maintaining relevance, and achieving
mutual benefit [47].
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Figure 2. How and why characteristics of the partnership were operationalized.

Embedded research provides the opportunity for the observation
and identification of the processes playing a role in the adoption
of technology and/or the (in)ability to achieve successful
implementation. For example, the findings from the EAPC study
[41] not only informed policy but also provided key insights
relevant to the provincial response to the COVID-19 pandemic
and facilitated the ability to recommend billing for virtual care
quickly and confidently, given the evidence on file. Thus, the
embedded partnership provides a mechanism to facilitate
evidence translation [54] that occurs at the intersection of the
knowledge-to-action process (or the transition from the inner
to the outer circle) through the production of evidence that is
immediately relevant to health system operations. In parallel,
the partnership helps stakeholders build credibility and profile
through their contribution to evidence generation and operational
proof-of-concept [55].
Although this paper demonstrates the value of embedded
research alongside policy initiatives and how it can be structured
to address policy questions, it was beyond the scope of this
work to evaluate the process through which the resulting
evidence informed decision-making. Insights into this process
would support the design of policy-oriented research as well as
provide illustrative examples to decision-makers on how to

embed evidence into decision-making. In addition, although
these evaluations supported the uptake of evidence-based
solutions at scale, no further evaluations were conducted. A
longitudinal evaluation of the trajectory of implementation and
impact would provide useful insight into the long-term value
of this model and the sustainability of its impact.

Conclusions
Involving decision-makers in the formulation of proposals [56]
and engaging them throughout the conduct of research [57]
increases the likelihood that the resulting evidence will be used.
Engaging them throughout the research process also increases
the likelihood that resulting evidence is implemented in a
sustainable way that can be valuable to policy. Embedded
research partnerships founded on a shared purpose of system
service provided an effective strategy to bridge the oft-cited gap
between science and policy [58-60]. Trust, timeliness, tailored
reporting, and adaptability were found to be key characteristics
contributing to success that can be operationalized through
co-creating evaluation questions, monthly check-ins, and
iterative report development when scaling this model to new
environments.
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Abstract
Background: Despite the fact that the adoption rate of electronic health records has increased dramatically among high-income
nations, it is still difficult to properly disseminate personal health records. Token economy, through blockchain smart contracts,
can better distribute personal health records by providing incentives to patients. However, there have been very few studies
regarding the particular factors that should be considered when designing incentive mechanisms in blockchain.
Objective: The aim of this paper is to provide 2 new mathematical models of token economy in real-world scenarios on health
care blockchain platforms.
Methods: First, roles were set for the health care blockchain platform and its token flow. Second, 2 scenarios were introduced:
collecting life-log data for an incentive program at a life insurance company to motivate customers to exercise more and recruiting
participants for clinical trials of anticancer drugs. In our 2 scenarios, we assumed that there were 3 stakeholders: participants,
data recipients (companies), and data providers (health care organizations). We also assumed that the incentives are initially paid
out to participants by data recipients, who are focused on minimizing economic and time costs by adapting mechanism design.
This concept can be seen as a part of game theory, since the willingness-to-pay of data recipients is important in maintaining the
blockchain token economy. In both scenarios, the recruiting company can change the expected recruitment time and number of
participants. Suppose a company considers the recruitment time to be more important than the number of participants and rewards.
In that case, the company can increase the time weight and adjust cost. When the reward parameter is fixed, the corresponding
expected recruitment time can be obtained. Among the reward and time pairs, the pair that minimizes the company’s cost was
chosen. Finally, the optimized results were compared with the simulations and analyzed accordingly.
Results: To minimize the company’s costs, reward–time pairs were first collected. It was observed that the expected recruitment
time decreased as rewards grew, while the rewards decreased as time cost grew. Therefore, the cost was represented by a convex
curve, which made it possible to obtain a minimum—an optimal point—for both scenarios. Through sensitivity analysis, we
observed that, as the time weight increased, the optimized reward increased, while the optimized time decreased. Moreover, as
the number of participants increased, the optimization reward and time also increased.
Conclusions: In this study, we were able to model the incentive mechanism of blockchain based on a mechanism design that
recruits participants through a health care blockchain platform. This study presents a basic approach to incentive modeling in
personal health records, demonstrating how health care organizations and funding companies can motivate one another to join
the platform.
(J Med Internet Res 2021;23(9):e26802) doi:10.2196/26802
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Introduction
Precision medicine aims to define diseases at a higher resolution
using genomic data, electronic health records, and life-log data
by providing new therapies to each targeted subgroup [1,2].
Electronic health records and life-log data from personal health
records are crucial to capture phenotypic information in hospitals
and in everyday life in order to deliver precision medicine to
health care consumers. This is one of the major reasons why
even high-income nations have been struggling over the past
couple decades to properly disseminate electronic health records.
For instance, the United States implemented the Health
Information Technology for Economic and Clinical Health Act
in 2009 to provide electronic health records throughout the
country [3]. By 2017, 96% of general medical and surgical
hospitals, 87% of children’s hospitals, and 59% of acute
long-term care hospitals in the United States had adopted
certified electronic health records [4,5]. South Korea has also
tried to disseminate electronic health records since early 2000.
The Health Insurance Review and Assessment Service
announced that 93.6% of hospitals and 91.6% of private clinics
in South Korea utilized electronic health records as of 2017 [6].
Even though the adoption rate of electronic health records has
increased dramatically throughout many countries, they are still
struggling to find solutions to properly disseminating personal
health records. Compared to the implementation and use of
electronic health records in health care organizations, the
implementation of personal health records, for the collection of
life-log data through patient participation, still lags due to
challenges related to security, privacy, interoperability, and data
quality [7-9]. The implementation of personal health records
faces other issues as well, including a lack of auditability, legal
risk, health care policies, and data accuracy.
As such, health care blockchain has been implemented to solve
these various problems. Blockchain is known as a distributed
ledger technology—it records given information into small
chunks of data sets called blocks, and if recorded data are valid,
the blocks are, in turn, chained with a consensus protocol. The
data are stored in a peer-to-peer system-based distributed storage
environment, which does not permit anyone to arbitrarily modify
it, because anyone can determine when a data change occurs
[10]. Therefore, applying blockchain technology to personal
health records strengthens the integrity and security of the
clinical data stored within [11]. In addition, it is expected that
automation features, such as smart contracts, will reduce both
cost and time in managing patient participation through the
dynamic consensus system [12,13]. Such an appropriately
designed blockchain token economy can help in devising
strategies to find the benefits of participating in clinical data
sharing and to ensure their fair distribution among multiple
stakeholders [14]. Furthermore, blockchain can improve the
auditability of transferred health care records with secure
privacy, help authenticate participants in health information
exchange networks with distributed identification, and boost
https://www.jmir.org/2021/9/e26802
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patient participation in the platform by providing incentives
according to active participation and adherence to the system
[15].
For the 2 main advantages of blockchain—namely auditability
and identification—many proof-of-concept studies have been
conducted [11,16-18], yet few studies have explored the
incentive mechanism of blockchain with respect to real-world
cases, in which incentives are crucial for recruitment and
attention [19].
To examine the effectiveness of incentivization, one study [20]
designed a token economy to encourage adherence to activities
of daily living—bathing, physical activity, and oral hygiene—to
reduce the risk of bloodstream infections, oral complications,
and deconditioning in hematopoietic stem cell transplant for
pediatric patients. Activities of daily living adherence rate
increased from 0.51 to 2.5 after implementing the token
economy [20]. In other studies [21-23], the preferred incentive
methods were free parking, modest financial compensation,
food coupons, guitar lessons, transportation, and donations to
charity. Though £100 (approximately US $137.51) as an
incentive was effective when recruiting older adult patients in
a clinical trial [24], an amount of US $2.00 as an incentive was
not effective [25]. This indicates that the amount of monetary
compensation is important. Incentivizing also proved to be
effective for patient adherence to smoking cessation, diet, and
digital therapeutic programs [26-29]. Some questions have
arisen—How about giving incentives multiple times? How
much should we compensate for participants’ effort? How long
can we collect patients’ information on the blockchain platform?
Is it possible that the shorter the collecting time, the bigger the
incentives become? In digital therapeutics, one main strategy
in behavior modification is to make a contingency plan to
address poor adherence, and monetary reward seems to be the
most effective way for active engagement [30].
Mathematical studies have been performed to model
incentivization for blockchain. For decentralization, designing
protocols that make it difficult to tamper with transactions is
essential, and a mathematical approach to designing blockchain
protocol that achieves secure information exchange has been
examined [31,32]. In addition, the analysis of players' mining
strategies was conducted on blockchain using game theory
[32,33]. Classical mechanism design theories have been
examined on some apps, such as Auction [34]. However, there
has been no research linking apps in the blockchain system to
mechanism design, which is considered to be representative
token design theory for blockchain [35-38].
Why is a new theoretical foundation needed for health care
blockchain cryptoeconomics? The purpose of cryptoeconomics
is to create internet services, but why do we need new theories
and methodologies? In short, it is because the design of
decentralized networks is completely different from that of
traditional business/service planning. Existing business planning
is given certain rules (market conditions) and aims to ensure
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that companies make the best choices to maximize profits;
however, the design of a decentralized network aims for the
opposite. Assuming that each entity acts strategically and
selfishly, the design of a decentralized network makes rules to
achieve desired results.
Despite the pressing need for further research on the
cryptoeconomics of health care blockchain, there has been a
lack of research on token economy design to induce patient
engagement using health care blockchain automated incentive
programs. Thus, we aimed to explore parameters to consider
when designing incentive programs that can be embedded in
the smart contract of blockchain by using experiments based
on 2 representative virtual scenarios with mechanism design.

Methods
Methodological Background
Blockchain-based networks have no central principal. Therefore,
we need a system that uses tokens (as the medium) and market
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principles to help individuals grow the network even if they act
in pursuit of their own interests. This is called the Token Model,
which serves as the invisible hand in decentralized networks
[39].
To design the token economy, we considered 2 well-known
economic theories: game theory and mechanism design. In game
theory, existing business planning is given rules (market
conditions) and aims to ensure that companies make the best
choices to maximize their profits. The theory examines the best
strategy in a given game. It explains how to draw conclusions
in situations in which several rational decision-makers compete
to win over one another. It is called a game because it is
reminiscent of an actual game with competitors using strategies
to win [40]. The relationship between game theory and
mechanism design is as described in Figure 1. The organizer of
recruitment is able to set the game rules in order to achieve
intended goals in terms of cost and time in our scenarios (Figure
1 [41]).

Figure 1. Relationship between game theory and mechanism design theory.

However, the design of a decentralized network is the reverse.
Mechanism design uses an engineering approach in which
designers act rationally toward desired goals in a strategic
environment by applying economic mechanisms and incentives
to design strategies. It is also called reverse game theory because
it starts at the end of the game and moves backward [34].
With the principle of mechanism design, we can reduce cost
caused by trial and error and provide a platform for solving
real-life problems as a theoretical model. Combined with
blockchain, mechanism design has been adopted in various
types of research. The auction is a representative example of
mechanism design in a blockchain environment with randomness
and information disclosure [36]. Based on this possibility, a
previous study [35] provided the framework that analyzes the
blockchain protocol using mechanism design and game theory.
These studies [35,36] suggested that mechanism design can be
applied to the blockchain system, especially to the health care
blockchain economy, thereby resulting in the development of
a basic token economy. We wanted to make ground truth models
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for the token economy of patient participation and data provision
in personal health records. First, we assumed a basic scenario
with essential variables—recruiting healthy participants for a
vitality program that aims to reduce weight. The vitality program
is a technology-based wellness program that is included with
most life insurance policies, to support and reward healthy habits
[42,43]. Second, we validated model robustness with another
hypothetical scenario for validation—recruiting participants for
clinical trials of anticancer drugs.

Assumption of Roles on a Blockchain Platform
When recruiting participants to a vitality program in the real
world, a life insurance company provides incentives to those
involved in the program. This mechanism is easily applied to
the blockchain using smart contracts. In addition, the blockchain
protects personal health information and is able to conduct
universal recruitment through the app; therefore, efficient and
safe recruitment of participants can be carried out through health
care blockchain.
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Meanwhile, the compensation that companies provide to
participants on the blockchain is cryptocurrency. Therefore, it
is essential to discuss how to calculate the value of this
cryptocurrency, which can be performed in many ways. The
value of bitcoin is determined by the free market. Suppose a
vitality program participant is recruited on a blockchain; the
life insurance company must have a certain amount of
cryptocurrency. A participant who received the cryptocurrency
must be able to exchange it for their benefit. In a conventional
blockchain, operators obtain cryptocurrency in exchange for
maintaining a blockchain system. However, unless the life
insurance company participates in the blockchain operation, it
must purchase the cryptocurrency from another party to secure
a certain amount of it. In addition, assuming that the value of
this cryptocurrency changes, there could be some concern that
the total amount of money in the blockchain system would
become negative. To solve these problems, we define a concept
called a currency exchange, which assumes that a certain
amount of cryptocurrency can be purchased or exchanged in a
certain amount of fiat currency. The advantage of this method
is that the total amount of cryptocurrency in the entire
blockchain system, and the fiat value of cryptocurrency does
not fall below zero, which helps the health care blockchain
operate in a stable manner.
Several members exist in a blockchain system with a currency
exchange. First, there is a blockchain operation party that
operates the blockchain and acts as a currency exchange. In this
study, it is assumed that the blockchain operating party does
not affect the token economy because the party only generates
cryptocurrency, and the value of cryptocurrency is fixed via the
exchange. Second, there is a data provider that has patients’
health information. Members who store personal health
information include entities such as hospitals or genetic
companies. They receive cryptocurrency from members who
request information when there is a transaction of the
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information they store. The reason for receiving the
cryptocurrency is the cost of storing the information. The third
party is a user on the medical information platform. Users can
be patients requesting their genomic information, healthy people
uploading their life-log data, or life insurance companies
wanting to recruit participants. In this study, we assume a life
insurance company prepares a vitality program from the
perspective of mechanism design by recruiting participants and
finding out how long the recruitment period will be, depending
on the amount of the incentive.

Scenarios
Scenario for the Development of the Model
Figure 2 shows a brief process of the basic scenario. The
insurance company uploads the following program information
through mobile phone apps regarding the collection of life-log
data: (1) the institutions that conducts a vitality program; (2)
duration of program operation; and (3) token rewards for
participating in the program. Based on this information,
participants will decide whether to take part in the program. If
they decide to participate, they send requests through the app.
The vitality program organizer will track participation status
until a certain number of participants are obtained. The number
of participants obtained here is different from the number of N
desired by the organizer because the organizer needs to select
participants based on their demographic information so that the
sample is as unbiased as possible. If participants with certain
socioeconomic statuses are enrolled more, the result of the
intervention and analysis on effects of the program can be
biased. The number N is set to greater than the necessary number
of participants for the program because some enrollees could
be dropped after adjustment for socioeconomic status. The
vitality program organizer will pay participants who agree after
screening tokens through the app.

Figure 2. Basic scenario. PHR: personal health record.
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Scenario for the Validation of the Model
We established the validation scenario by modifying the basic
scenario (Figure 3). In the validation scenario, the research
organization searches for participants who have specific gene
mutations on the blockchain network for clinical trials of
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anticancer drugs. For convenience, participants who satisfy all
the information required by the researcher are described as group
A. Potential participants who do not have necessary clinical
information are described as group B. The researcher sends a
request for consent to both group A and group B.

Figure 3. Validation scenario. PHR: personal health record.

The participants will decide to participate in the research based
on the opinion of doctors who are treating their cancer. In our
study, we assumed that the smaller the amount of clinical
information that participants are required to send, the higher
the probability of consent. This is based on the general
assumption that the more information participants have to
provide, the more careful they are because normally people care
about privacy and security.
For example, if participant X in group A agrees to consent, the
institution storing the data of participant X shares the data with
the research company and the institution obtains cryptocurrency
compensation. In the validation scenario, the companies transfer
tokens to data providers that have clinical information for
candidate patients in exchange for compensation for storing the
data, which is different from the basic scenario in that data
providers are added in the token flow

Mathematical Modeling of the Scenario
Mathematical models for both scenarios were constructed; a
methodology that minimizes the cost of the organizers was
modeled. The essential members were participants and
organizers. In both scenarios, the reward was the main parameter
that affects participation—we assumed that the higher the
reward, the greater the probability of consent. In the case of an
organizer, an assumption is needed about which information
can be obtained from the participants and the organizers’ cost
https://www.jmir.org/2021/9/e26802
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policies. The cost was divided into 2 categories: reward-related
parameters and time cost–related parameters.

Cost Function of a Life Insurance Company
We assume that the organizer's cost function is divided into 2
parts—reward and cost. Rewards are provided to participants;
therefore, the reward portion is multiplied by the total number
of participants. The time is also included in the time cost, and
because the rewards and time are different in units, it is
necessary to balance both parts by giving one part a weight. In
our model, we give a weight to the time cost part (the time
weight). The time weight may vary in different recruitment
programs. A higher time weight means that an organizer values
recruitment time more and wants to recruit participants quickly.
We express the cost function as cost = reward × N + t × α.
When minimizing the cost, if the time weight α is small, cost
will be largely dependent on the reward. The unit of time t,
where t is a natural number, is assumed to be day for
convenience.
In addition, the recruiting time calculation method should be
defined. The organizer sends consent requests to those who
meet the requirements, and it is assumed that each participant
has a probability of consent. Under the assumption, the time
taken for recruitment is calculated as follows. On day 1, the
organizer sends consent requests to the people in the participant
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(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
pool. Some participants agree based on their probability, and
others disagree. If the number of people who agree does not
satisfy the required number of recruits, on day 2, the organizer
will send the consent request again to those who did not agree.
This process is repeated to calculate the recruiting time. Recall
that the probability of consent to participate in research is
dependent upon the reward, and the higher the reward, the
greater the probability of consent. Increasing the probability of
consent means it will be easier to recruit participants, and the
time t for recruitment completion will be reduced.

Modeling the Basic Scenario
We assumed that participants can access information about how
long the program lasts and the reliability of the insurance
company. They also consider inconvenience that may be caused
by joining the program.
The welfare of a participant is separated into 2 parts: (1)
monetary value and (2) labor. In order to have unbiased results,
the socioeconomic status of participants should be considered.
The lower the status, the more significant impact on the
monetary part, which results in biased recruitment; therefore,
we introduced a concave function to represent monetary welfare.
Participants have information about their socioeconomic
positions, the degree of annoyance for recording tasks, and the
reliability of life insurance companies, which are not disclosed
to the research companies. Let the socioeconomic status of the
ith participant be SPi, let the degree of annoyance be bi, and let
the reliability of the company be Ri. Life insurance companies
can set the program period T and compensation rewards for the
programs, which are communicated to participants through
apps.
The participant's welfare is defined using the square root (which
is a concave function), which means the higher SPi, the lower
the incremental increase in total welfare of participants. The
welfare function of the ith participant is

The former term is the weight given to the welfare according
to the socioeconomic status, and the latter term is the fatigue
of continuously uploading the log by multiplying the basic
quadratic function for T by weight. Therefore, for participants,
a sufficient condition for participation is that the welfare
function is positive.
Socioeconomic status is likely to be biased because it provides
compensation for participation. Therefore, at initial recruitment,
a certain number of the desired population is selected to ensure
that socioeconomic status is as evenly matched as possible. In
labor-related welfare, fatigue builds up faster over time, and
each person’s degree of annoyance is different. Hence, the
labor-related cost is proportional to the degree of annoyance
and the square of the duration.
In addition to consideration of financial benefits, the probability
of participating in the program was introduced (to consider the
psychology of real-world participants). The probability will be
large when the reward is large, the reliability of the organizer
is high, and the socioeconomic status is low.
https://www.jmir.org/2021/9/e26802
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Assuming that the welfare function of the ith participant is
positive, the probability that the ith participant will consent is
calculated based on the following assumptions: (1) the higher
the rewards, the higher the confidence in the research company;
and (2) the lower the socioeconomic level of the participant,
the higher the probability of participation. Thus, the probability
is calculated as

The normalizer is a buffer weight to allow the rewards to grow.
If the right term of equation 2 is greater than 1 for most of i, the
simulation becomes meaningless; thus, the right term is changed
to a slightly more meaningful simulation by multiplying the
normalizer by less than 1. In the basic scenario, SPi=5-10,
bi=0.05-0.1, Ri=0.5-0.7, and normalizer=200.

Modeling the Validation Scenario
We modified the previous assumptions and added an
intermediate data provider in the validation scenario to ensure
that the model is robust after we change variables.
For data providers, assumptions are not necessary because there
is no separate strategy available; however, there is a higher
chance of making a profit in proportion to the amount of
information held by the data providers. A research company
can define its cost function, which sets the compensation and
time weight per participant. Participants must decide whether
to agree or not for the consent request they received.
Theoretically, participants decide to agree when their economic
gains are greater than 0. In real life, however, other factors play
a role in determining whether a patient will be able to participate
in clinical trials. Thus, we assume that the agreement probability
is based on the expert advice which is provided through the
blockchain platform. Normally, patients get expert opinions
from their oncologists. If k is the number or range of treatment
options available, the smaller the k, the higher the probability
of consent. Utilizing a sigmoid function, the probability of
consent has a value between 0 and 1.
Participants in research must disclose whether their genes have
been tested, genotype (if they have been tested), and which data
provider is storing their data. Moreover, some information on
the medical blockchain is open to companies: (1) whether one’s
genes have been tested and (2) genotype. A few properties are
needed to describe this. First, DPi is defined to determine
whether the genetic data of the ith participant are stored by the
data provider. A DPi of 0 indicates that there are no genomic
data, and a value greater than n means that information is stored
by the nth data provider. The participant's genotype is defined
as Typei. If Typei is 0, it means that the genotype is not known
because it has not examined, and DPi has a value of 0. If Typei
is n with a value greater than 0, the dielectric means it is nth
type.
In the basic scenario, the probability of consent of participants
is the expert advice. The greater the rewards, the smaller the
number of protocols available to participants and the greater
the expert advice. The probability can be defined as a simple
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product in the basic scenario, but in the validation scenarios,
the sigmoid function is used,

The sigmoid function converts a real value to a value between
0 and 1. Therefore, this value has the advantage of being used
directly as a probability. When x is 0, the probability should be
close to 0. To shift the sigmoid function to the right, middle
should be introduced. In the validation scenario, SPi=0-3, k=1-5,
DPi=1-2, and middle=150.

Optimization Formulation
We chose the convex optimization model. For each scenario,
we suppose that the expected recruitment time can be found
when the clinical trial is given a reward. For each reward and
time of completion of the recruitment pair, we obtain the cost
of applying the pair. The reward and time t at the lowest cost
point will be the optimization values.
To find the expected recruitment time for a given reward
amount, the probability of each participant agreeing to
participate in the clinical trial is determined. Then using
Bernoulli implementation, we obtain the expected number of
participants that agreed until N days. Suppose that the
probability that the ith participant agrees is qi. In that case,
whether one will eventually agree by the maximum N days is
the same as the Bernoulli implementation. The probability of
agreeing on the first day is qi, the probability of agreeing on the
first day and agreeing on the second day is (1 – qi)qi, and the
probability of agreeing on the third day is (1 – qi)2qi. When this
is implemented by the jth day, the expected number of
participants that agreed until j days can be obtained as

Therefore, if these expectations are added for all i, the expected
number of participants until n days is obtained. When rewards
and n are given, the expected number of participants can be
obtained, and if n is obtained, this value n is the expected
completion of the recruitment.
Aggregating the expected values, we determine the expected
number of participants upon N days. When we find the minimal
N that the expected number of participants exceeds the company
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targeted number of participants, then we obtain the reward and
the minimal N pair. We put the pairs into the cost function, and
find (reward, N, cost) pair that the cost is minimal.

Results
Optimization
The reward affects the probability of consent of each participant,
and this probability of consent affects the expected recruitment
period t. Note that the expected recruitment period is a function
of the reward. Therefore, rewards and expected recruitment
period pairs can be obtained. We can make a tuple by
considering the cost value of these pairs applied to the cost
function. Thus, the relationship of t with the reward and the cost
relationship with the reward can be obtained. Figure 4 shows
the relationship when the company's time weight is 1500 in the
basic scenario, and Figure 5 shows the relationship in the
validation scenario in which the company's time weight is 100.
Because the basic scenario assumes a company cannot access
some of the participant's information, we should use expected
values of distributions when we calculate the expected
recruitment time. Therefore, even if participants' information
is changed through initialization, the graphs are unified into
one. On the other hand, the validation scenario allows the
company to access all of the participant's information, which
means that we should consider each participant’s information
when we calculate the expected recruitment time. Therefore, as
the participant's information changes, the graph changes
accordingly. Figure 5C and Figure 5D show 10 initializations.
In Figures 4 and 5, the graphs on the left are the relationships
between rewards and expected recruitment periods, and the
graphs on the right are the relationship between rewards and
costs. The smaller the rewards, the larger the expected
recruitment period, and vice versa. The right graph that puts the
rewards and expected recruitment period in the cost function
forms a convex curve. The left side of the shape is high because
the time cost has grown, and the right side is large because the
reward cost affects the entire cost. Therefore, the left part shows
a similar appearance as the time decreases dramatically. The
right side becomes a linear graph for the reward because the
time cost becomes very small. The middle part of the trade-off
between these 2 will be the point where the cost is minimized,
and the reward value and the expected recruitment period will
be reward* and t*.
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Figure 4. (A) Time–reward and (B) cost–reward trade-offs in the basic scenario when the time weight is equal to 1500.

Figure 5. Single-case (A) time–reward and (B) cost–reward and multiple-case (C) time–reward and (D) cost–reward trade-offs in the validation scenario
when the time weight is equal to 100.
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Comparison With Simulation
We compared the simulation results with optimization results.
Since reward* is an independent variable, it is appropriate to
compare dependent variable t*. In order to obtain robust results,
we conducted repetitive experiments by changing the variables
of participants randomly. For each initialization, we simulated
100 times to get the experimental results. Then, we calculate
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the error between 100 experimental results and recruitment time,
t*. Finally, we obtained the mean and standard deviation of
those values. In the basic scenario, the simulation values are
concentrated at the optimized values (Figure 6, Table 1).
Figure 7 and Table 2 show differences between optimized results
up to a maximum of 2 days for the validation scenario.

Figure 6. Basic scenario mean values and standard deviation of errors (expected days=13).

Table 1. Basic scenario.
Experiment

Error, mean (SD)

1

–0.57 (0.77)

2

–0.46 (0.69)

3

–0.33 (0.68)

4

–0.56 (0.77)

5

–0.49 (0.73)

6

–0.49 (0.61)

7

–0.67 (0.68)

8

–0.44 (0.80)

9

–0.61 (0.67)

10

–0.56 (0.66)
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Figure 7. Validation scenario mean values and standard deviation of errors.

Table 2. Validation scenario.
Experiment

Expected days, n

Error, mean (SD)

1

9

–1.70 (4.51)

2

9

–1.37 (5.01)

3

9

–1.02 (4.16)

4

10

–1.84 (7.31)

5

10

–1.39 (4.82)

6

9

–1.73 (5.22)

7

8

–1.31 (4.28)

8

9

–0.89 (4.59)

9

10

–2.41 (6.45)

10

10

–1.30 (4.50)

Sensitivity Analysis
The company can adjust the number of participants N and time
weight α; therefore, we analyzed the sensitivity of t* as N and
α change. For 1% increments of N, recruitment time increases
1.54% and 2.22% in the basic and validation scenarios,
respectively. If the time weight is increased by 1%, the
recruitment time is decreased by 1.54% and 1.67% in the basic
and validation scenarios, respectively, which means this model
is in line with our general knowledge and provides a guideline
for designing recruitment of participants.

Discussion
Principal Findings
In this paper, we propose 2 token economy scenarios of health
care blockchain with mechanism design. We set basic
components in each scenario, which were the number of
participants and recruitment time, constructed mathematical
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XSL• FO
RenderX

models to explain the 2 scenarios, and simulated changes in
recruitment time and the number of expected participants.
Through mechanism design, we demonstrated that the recruiter
is able to set a desired and expected number of participants and
recruitment time by adjusting the amount of incentive. This
study is the first, to the best of our knowledge, to apply
mechanism design to health care blockchain for real-world
problems.
In classic game theory, designers of the game are not able to
determine expected results of games quantitatively. They can
expect rational participants to compete with each other for the
best results by assuming that participants are reasonable,
therefore, act to maximize their profits; however, it is not
realistic to apply this assumption directly in the health care
blockchain with token economy because it is crucial for a funder
of health care blockchain to know expected time, cost, and the
number of recruited participants.
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In our models that employ mechanism design, the recruiter can
set a quantitative outcome of programs by adjusting the
relationship of number of participants, recruitment time, and
rewards. In addition to the predictability of outcomes, the
blockchain system can provide participants more secure
environments with immutability of the system, although the
system is more open to the public compared to conventional
ways of recruiting participants.
Traditionally, the issue of whether direct incentives for health
care participants are acceptable has been debated because direct
incentives can bias medical research and treatment outcomes
[44]. From a medical standpoint, there is less of an ethical
problem with direct incentives for healthy people [45], such as
those modeled in the basic scenario. In the validation scenario,
there may be a concern with direct incentives to participants
within the blockchain. However, we assumed a circumstance
that allows direct incentives for the participation of clinical
trials in the future because patients are selected randomly as
participants on a blockchain system, and we assumed that direct
incentives can be allowed to increase recruitment and attention
rates in clinical trials.
From a mathematical perspective, information about each
participant is different depending on whether recruiting
companies have access to it or not. While recruiting healthy
individuals, we assumed that information about each participant
is unobtainable by the company because they usually do not
need strict inclusion criteria, which means that they can exclude
some of applicants after closing the recruitment. When collecting
life-log data, the degree of annoyance for each participant over
a long period is unobtainable and we can only see the
distribution for the degree of annoyance. In this study, this
distribution is assumed to be a uniform distribution. In this case,
a clinical trial company uses the expected value of the
distribution (ie, the uniform distribution's average value).
Meanwhile, in the validation scenario, each participant should
provide gene data to the research company. From the gene data,
the company can infer the probability of agreement of each
participants and can adjust model to fit real-world data.
Recruiting participants is one of the most difficult parts of
conducting a clinical research or trial. However, the token
economy, through mathematical modeling and simulation
techniques proposed in this study, will enable companies to
obtain important insight into whether they can recruit
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participants within the desired period by setting appropriate
rewards for recruiting participants. Moreover, due to difficulties
in recruiting participants suitable for clinical trials, companies
may make a request to hospitals for patients information.
However, hospitals do not feel the need and reason to provide
data they hold, or even if hospitals are willing to provide data,
the consent process for the use of patient data is complicated,
and many patients are concerned about privacy and security
[46]. Therefore, blockchain token economy can be applied to
appropriately compensate entities participating in the blockchain
data sharing platform, thereby reducing gaps between the needs
of companies, hospitals, and participants (patients) with respect
to data utilization, with high security and privacy, enabling
efficient recruitment of participants through user-centered
participation. This study is meaningful because we were able
to make rational models that can be used as a starting point for
designing health care blockchain for patient recruitment.

Limitations and Future Research
Our assumptions did not reflect complex circumstances for
recruiting participants in the real world. Thus, if the results of
our models are different from the expectations of recruiting
company, recruitment would not be successful. Models with
basic mandatory requirements such as recruitment time, amount
of incentives, and number of participants, and without
complicated assumptions, can be useful for other researchers
as a starting point of their own modeling—they can use our
framework as a basic scenario to design their own sophisticated
token design in health care blockchain. Another limitation is
that comparison and analysis with actual data could not be
carried out to provide a more robust framework.

Conclusion
There have been few business models adopting blockchain
technology in health care. Token economy of blockchain can
be a powerful driver by incentivizing health care consumers
with an immutably trackable token transaction system. This
research is a starting point of designing the token economy in
real-world health care settings; we modeled 2 possible scenarios,
optimized the cost of the company, and compared the results
with simulation data. This study can be used as a basis for
designing an incentive system for companies recruiting clinical
trial participants or health care program participants within a
set period of time with a blockchain-based patient recruitment
platform.
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Abstract
Background: Evaluating outcomes of the clinical and translational research (CTR) training of a Clinical and Translational
Science Award (CTSA) hub (eg, the KL2 program) requires the selection of reliable, accessible, and standardized measures. As
measures of scholarly success usually focus on publication output and extramural funding, CTSA hubs have started to use
bibliometrics to evaluate the impact of their supported scholarly activities. However, the evaluation of KL2 programs across
CTSAs is limited, and the use of bibliometrics and follow-on funding is minimal.
Objective: This study seeks to evaluate scholarly productivity, impact, and collaboration using bibliometrics and federal
follow-on funding of KL2 scholars from 3 CTSA hubs and to define and assess CTR training success indicators.
Methods: The sample included KL2 scholars from 3 CTSA institutions (A-C). Bibliometric data for each scholar in the sample
were collected from both SciVal and iCite, including scholarly productivity, citation impact, and research collaboration. Three
federal follow-on funding measures (at the 5-year, 8-year, and overall time points) were collected internally and confirmed by
examining a federal funding database. Both descriptive and inferential statistical analyses were computed using SPSS to assess
the bibliometric and federal follow-on funding results.
Results: A total of 143 KL2 scholars were included in the sample with relatively equal groups across the 3 CTSA institutions.
The included KL2 scholars produced more publications and citation counts per year on average at the 8-year time point (3.75
publications and 26.44 citation counts) than the 5-year time point (3.4 publications vs 26.16 citation counts). Overall, the KL2
publications from all 3 institutions were cited twice as much as others in their fields based on the relative citation ratio. KL2
scholars published work with researchers from other US institutions over 2 times (5-year time point) or 3.5 times (8-year time
point) more than others in their research fields. Within 5 years and 8 years postmatriculation, 44.1% (63/143) and 51.7% (74/143)
of KL2 scholars achieved federal funding, respectively. The KL2-scholars of Institution C had a significantly higher citation rate
per publication than the other institutions (P<.001). Institution A had a significantly lower rate of nationally field-weighted
collaboration than did the other institutions (P<.001). Institution B scholars were more likely to have received federal funding
than scholars at Institution A or C (P<.001).
https://www.jmir.org/2021/9/e29239

XSL• FO
RenderX

J Med Internet Res 2021 | vol. 23 | iss. 9 | e29239 | p.1431
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Qua et al

Conclusions: Multi-institutional data showed a high level of scholarly productivity, impact, collaboration, and federal follow-on
funding achieved by KL2 scholars. This study provides insights on the use of bibliometric and federal follow-on funding data to
evaluate CTR training success across institutions. CTSA KL2 programs and other CTR career training programs can benefit from
these findings in terms of understanding metrics of career success and using that knowledge to develop highly targeted strategies
to support early-stage career development of CTR investigators.
(J Med Internet Res 2021;23(9):e29239) doi:10.2196/29239
KEYWORDS
bibliometrics; Clinical and Translational Science Award; KL2; translational research; career development

Introduction
Evaluating outcomes of a Clinical and Translational Science
Award (CTSA) hub’s clinical and translational research (CTR)
training, such as the KL2 program, requires the selection of
reliable, accessible, and standardized measures. The KL2
program is a multiyear mentored training award focusing on
early-stage career development of investigators in CTR. The
National Center for Advancing Translational Science (NCATS)
at the National Institutes of Health (NIH) funds over 60 KL2
programs across CTSA hubs. All CTSA hubs offer a KL2
program, which is a formal, mentored training experience for
scholars with doctoral degrees. Each CTSA hub selects KL2
candidates from a variety of fields (eg, medicine, nursing, and
biostatistics) to participate in translational research training in
a multidisciplinary setting with up to 5 years of career
development support.
One of the strategic goals of NCATS for the CTSA program is
to “develop and foster innovative translational training and a
highly skilled, creative, and diverse translational science
workforce” [1]. The KL2 program is one mechanism that offers
such training. Each CTSA hub is responsible for evaluating its
KL2 program, typically using methods such as surveys, focus
groups, exit interviews, and alumni follow-up. Measures of
scholarly
success
are
predominantly
scholarship
products—publication output and extramural funding, such as
an R01-equivalent award. The NCATS Common Metrics
Initiative also created measures for all KL2 programs to report
on the number and percentage of total graduates: women,
underrepresented minorities, and KL2 scholars who sustain
their translational research engagement [2].
All NCATS-funded KL2 programs follow a set of established
requirements. For example, 75% of the time of enrolled KL2
scholars is funded by the program, with the exception of 50%
for surgeons [3]. All KL2 programs must provide training in
rigorous research methodologies aligned with CTR
competencies. KL2 programs must provide opportunities that
allow scholars to effectively communicate and collaborate across
multidisciplinary teams [3,4]. Beyond these requirements, CTSA
hubs are encouraged to innovate and tailor their KL2 programs
to their specific needs, leading to some variability in KL2
programs. For example, although programs provide 2 years of
KL2 funding, some programs provide funding for 3 or more
years [5]. Such differences in hub-level KL2 program
characteristics present challenges for defining indicators of
success and standardizing the evaluation of KL2 program
outcomes across CTSA hubs.
https://www.jmir.org/2021/9/e29239
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CTSA hubs sometimes use bibliometric analysis to evaluate
their impact on moving translational research forward.
Bibliometrics refers to the use of quantitative and statistical
methods to analyze a chosen group of publications [6,7].
Bibliometrics complement other evaluation methods, such as
surveys and interviews, by allowing programs to measure
tangible and intangible outcomes such as publications and
scholarly impact, which otherwise cannot be objectively
measured via self-report methods such as surveys or interviews.
One study [8] used bibliometrics to analyze publications citing
all CTSA hub grants from 2006 to 2016. This study highlighted
bibliometric values to assess the impact of research across all
CTSAs as measured by interdisciplinary collaboration, influence
on other publications, and breadth of scientific fields. Another
study [9] used bibliometrics to compare publications citing one
of 6 CTSA hubs with measures from three sources: NIH iCite
(publicly available), Thomson Reuters (now Clarivate
Analytics), and Elsevier. This study identified relevant data
sources and standardized analyses for cross-CTSA comparisons.
A more recent CTSA hub-specific study [10] implemented
advanced bibliometric measures to assess scholarly productivity,
citation impact, the scope of research collaboration, and clusters
of research topics of publications supported by their CTSA.
Furthermore, some CTSA hubs have evaluated the feasibility
of different bibliometric approaches to assessing KL2 scholarly
productivity and influence compared with other NIH-funded
K-awardees [11,12]. These studies illustrated the importance
of standardizing the (1) collection of publication data, (2)
definition of success and measures for KL2 training outcomes,
and (3) use of bibliometric methods to evaluate the scholarly
productivity and impact of KL2 scholars across the CTSA
consortium.
To our knowledge, the evaluation of KL2 programs across
CTSAs is limited, and the use of bibliometrics and follow-on
funding is minimal. This study evaluates scholarly productivity
using bibliometrics and federal follow-on funding of KL2
scholars across 3 different CTSA hubs to define and assess CTR
training success indicators. Such indicators, coupled with
evidence of the feasibility of their collection and use, would
allow CTR training programs to demonstrate effectiveness on
a wide variety of outcomes.

Methods
Participants
Our sample included KL2 scholars from 3 CTSA institutions,
described as institutions A-C throughout the paper. A description
of program-level characteristics is provided in the Multimedia
J Med Internet Res 2021 | vol. 23 | iss. 9 | e29239 | p.1432
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Appendix 1. The 3 institutions were selected as convenience
samples based on previous collaborations between the CTSAs.
We only included scholars in our analysis if they had at least 5
years of bibliometric data, starting at matriculation (ie, year of
entry into the KL2 program). We chose the date range of
2005-2013 to ensure that all scholars met the minimum 5-year
data requirement. In other words, scholars beginning their KL2
program in 2013 have 5 years of bibliometric data as of
December 2018.

Measures
Overview
We selected bibliometrics and federal follow-on funding because
they are objective measures with evidence of reliability and
validity and are verifiable. In the following sections we describe
various bibliometrics along a continuum of objectivity. Although
some metrics, such as number of publications, are objective,
other metrics, such as citation impact and collaboration, are
quantified representations of construct and are open to
interpretation of scale, scope, and reliability.

Bibliometrics
When we selected bibliometric measures and sources for this
study, we considered the (1) validity, relevancy, and feasibility
of measures, especially the metrics and sources that have been
verified and adopted in previous CTSA evaluation studies; (2)
coverage of publications of our KL2 scholars in three CTSAs;
and (3) availability of bibliometric data sources such as
institutional subscriptions and free accessibility. Accordingly,
we chose Elsevier SciVal and NIH iCite for the bibliometric
measurements. SciVal is a research analytics tool for various
bibliometrics gathered from the Elsevier Scopus citation
database. Scopus has much broader coverage in biomedical and
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life sciences than Web of Science [13,14] and has been adopted
in multiple bibliometric studies concerning CTSA evaluations
[9,10,15]. The 3 CTSA institutions in this study have
subscriptions to Scopus or SciVal and have experience in using
Elsevier metrics to assist research performance evaluation. In
addition, we added the relative citation ratio (RCR) generated
by NIH iCite as an additional citation measure. Being freely
accessible and increasingly used by CTSA evaluators, RCR is
a field-independent metric, measuring the citation impact of an
article relative to other NIH-supported research papers produced
in the same field during the same timeframe. However, iCite is
limited to analyzing only articles indexed in PubMed, whereas
SciVal can provide aggregated data from the more
comprehensive Scopus database. Extracting data from both
sources can help reduce potential bias and provide a more
reliable estimate of the quantity and impact of scholarly work.
Therefore, we exported bibliometric data for each of the
included scholars from both SciVal and iCite to provide
evidence of validity and reliability within this sample [16,17].
Data exported from SciVal provide evidence for three metrics
of research performance: productivity, impact, and collaboration.
Productivity metrics provide an overview of total scholarly
output, that is, the number of publications a scholar produces
within a specified period. Impact metrics focus on citation
counts through raw and calculated variables, accounting for
scientific field-weighted or ratio values. We excluded
self-citations from the analysis. Collaboration metrics consider
all authors in a publication with attention to the affiliated
institutions of coauthors. We used iCite data to understand the
impact of the publications compared with the average of
NIH-funded publications published in the same year and field
[18]. Table 1 shows a detailed list of metrics used per domain.
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Table 1. Summary of bibliometrics used.
Source, domain, and metric

Definition

SciVal
Productivity
Scholarly output

Number of publications indexed in Scopus

Impact
Citations per publication

Average number of citations received per publication

PPTPJa

Number of publications in the world’s top journals

FWCIb

Ratio of citations received relative to the expected average for the field, type, and year

Collaboration
NFWCc

Collaboration ratio is computed based on the expected collaboration for that document type,
publication year grouping, and subject area assignment

iCite
Impact

a

Average RCRd

Cites per year of each paper, normalized to the citations per year received by NIHe-funded papers
in the same field and year

Average citations per year

Citations per year received since publication; this is the numerator for the RCR.

Average field citation rate

Intrinsic citation rate of this paper’s field is estimated using its co-citation network.

Average NIH percentile

Percentile rank of this paper’s RCR compared with all NIH publications.

PPTPJ: percentage of publications in the top 10th percentile of journals.

b

FWCI: field-weighted citation impact.

c

NFWC: National Field-weighted Collaboration.

d

RCR: relative citation ratio.

e

NIH: National Institutes of Health.

Three federal follow-on grant funding measures were also
collected: NIH funding at the 5-year, 8-year, and overall time
points. These follow-on funding measures include only NIH
federal funding received by a scholar as the principal
investigator, coprincipal investigator, or coinvestigator. This
information can be independently confirmed for all 3 institutions
by examining NIH RePORTER (Research Portfolio Online
Reporting Tools Expenditures and Results) for NIH funding
records [19].

cohort) according to the SciVal cohort-instructions. To obtain
iCite data, a list of publications associated with each KL2
scholar was retrieved from PubMed and then manually verified.
The PubMed identification numbers (PMIDs) of the verified
publications were filtered to the 2005-2013 date ranges for this
analysis. Next, the validated PMIDs were imported into iCite
to download the data for each scholar. All metrics from SciVal
and iCite were extracted and entered into an SPSS (IBM; version
25) file within 6 months. Grant data were collected using internal
records of federal funding and confirmed through NIH
RePORTER [19].

Procedures

Data Analysis

This study received institutional review board exemption from
2 institutions, with a third institution determining that this was
not human subjects research. Each participating institution
developed a list of KL2-scholars awarded since 2005, including
gender, race, ethnicity, and highest degree earned for each
scholar. We dichotomized race due to sample skewness;
however, dichotomization still resulted in unequal group sizes.
We excluded ethnicity analysis because of the homogeneity of
the sample. We collapsed the categories of degrees to MD and
non-MD terminal degrees. Clinical training was the distinction
between MD and non-MD degrees. Scholars with both MD and
PhD were considered MDs.

All statistical analyses were computed using SPSS [20].
Nonparametric tests for independent samples (Kruskal-Wallis
and Mann-Whitney U) were used when data were not normally
distributed. We conducted descriptive and inferential statistical
analyses according to demographic subgroups and institutions
to assess the bibliometric results of KL2 scholars. Federal
funding data were analyzed using logistic regression to evaluate
the relationship between categorical variables (eg, gender, race,
degree, and institution) and a series of dichotomized variables
representing the presence or absence of federal funding at three
time points, as described below.

Federal Follow-on Funding

Cohorts of scholars were created in SciVal using the year the
scholar began their KL2-grant (ie, all 2005 KL2’s were in one
https://www.jmir.org/2021/9/e29239
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Data were time-bound to include the year the scholar started
their K-award (ie, matriculation) through the completion of
2018. Three time points determined analysis: 5 years and 8
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years after matriculation and overall (from the start year of the
KL2-award through the end of 2018). These time points are
based on established precedents from K08 or K23 evaluations
and K to R-award funding trajectories, which peak at 8 years
[21,22]. iCite data were not included for the 5-and 8-year time
points because, at the time of analysis, no time point–specific
data could be produced by iCite and only the overall citation
metrics were available.

Results
Sample Characteristics
The total sample consisted of 143 KL2 scholars with relatively
equal groups across institutions (Table 2). The overall sample
at each institution had a slightly greater number of male scholars.
The majority of KL2 scholars in this sample were non-Hispanic
White people. Most scholars held terminal MD degrees, with
PhDs being the second most common degree.

Table 2. Summary of scholar demographicsa.
Demographics

Sample value (N=143)

Institution A value (n=50) Institution B value (n=48)

Institution C value (n=45)

Male

77 (54)b

27 (54)

25 (52)

25 (55)

Female

66 (46)

23 (46)

23 (48)

20 (44)

Hispanic or Latino

6 (4)

4 (8)

1 (2)

1 (2)

Not Hispanic or Latino

136 (95)

45 (90)

47 (98)

44 (98)

Not reported

1 (1)

1 (2)

0 (0)

0 (0)

American Indian

0 (0)

0 (0)

0 (0)

0 (0)

Asian

19 (13)

9 (18)

1 (2)

9 (20)

African American

10 (7)

3 (6)

2 (4)

5 (11)

White

112 (78)

36 (72)

45 (94)

25 (55)

Not reported

1 (1)

2 (4)

0 (0)

0 (0)

MD

74 (52)

20 (40)

29 (60)

25 (55)

PhD

47 (33)

17 (34)

15 (31)

15 (33.3)

MD and PhD

15 (11)

7 (14)

4 (8)

4 (8.9)

Other

7 (5)

6 (12)

0 (0)

1 (2.2)

Gender, n (%)

Ethnicity, n (%)

Race, n (%)

Degree, n (%)

a

Values were rounded up using the tenths to the nearest whole number.

b

Italicized values indicate the largest value.

Bibliometrics
SciVal
Data from SciVal for all 143 scholars revealed a median of 17
publications or 3.4 publications per year on average at the 5-year
time point. Impact metrics showed a midpoint of 26.16 citations
per year or an average of 130.8 citations over 5 years. KL2
scholars were cited approximately 7 times more than other
researchers in their field. In addition, 44.01% (1558/3540) of
the publications were in the top 10th percentile of the journals.
In terms of collaboration, KL2 scholars published work with
researchers from other US institutions over 2 times more than
others in their research fields. Contrary to the overall trends,
investigating scholars at the institution level presented some
differences (Table 3). The KL2 scholars of Institution C had a
significantly higher citation rate per publication than the other
institutions (H2=12.35; P=.002). Institution A had a significantly
lower rate of nationally field-weighted collaboration than did
https://www.jmir.org/2021/9/e29239
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the other institutions (H2=70.49; P<.001). No other 5-year
significant differences were reported.
Data from SciVal for 112 scholars showed an increase in
publication rate at the 8-year time point, with scholars from all
institutions publishing an average of 3.75 publications per year,
up from 3.4 at the 5-year time point. The mean citation rate also
slightly increased from 26.16 at the 5-year time point to 26.44
at the 8--year time point. The percentage of publications in the
top 10th percentile of journals decreased by less than 1% to
43.34% (2658/6132). Rates of collaboration increased, with
KL2 scholars at 8 years publishing with researchers across the
nation 3.5 times more than other researchers in their field.
Results at the institutional level for the 8-year time point were
similar to those at the 5-year time point (Table 3). Institution C
scholars had a significantly higher rate of citations per
publication (H2=10.12; P=.006), and scholars of Institution A
had a significantly lower rate of field-weighted national
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collaboration (H2=65.08; P<.001; n=112; Institution A: n=37;
Institution B: n=37; and Institution C: n=38).
Regarding demographics, outcomes from SciVal metrics
reported that male scholars published significantly more work
at the 5-year time point than female scholars (U=1114.50;

P=.008; Table 4). There were no differences between the scholar
race and any reported bibliometric outcomes. Scholars with an
MD degree had significantly higher field-weighted citation
indices than scholars without an MD degree (U=1202.50;
P=.04).

Table 3. Postmatriculation SciVal bibliometric summary (medians reported).
Bibliometric

Value, median
All institutions

a

Institution A

Institution B

Institution C

5-year value
(n=143)

8-year value
(n=112)

5-year value
(n=143)

8-year value
(n=112)

5-year value
(n=143)

8-year value
(n=112)

5-year value
(n=143)

8-year value
(n=112)

FWCIa

7.16

12.4

6.79

10.2

6.8

12.6

8.4b

14.2

Scholarly output

17

30

15

27

15

26.5

22

40.5

Citations per
publication

130.8

211.5

93.9

161.3

109.9

174.4

174.1

288

PPTPJc (%)

44

43.3

40.9

43.2

39

41.9

48.5

45.8

NFWCd

2.07

3.6

0.78

65

3.4

5.7

2.9

4.9

FWCI: field-weighted citation impact.

b

Italicized values indicate the largest values.

c

PPTPJ: percentage of publications in the top 10th percentile of journals.

d

NFWC: National Field-Weighted Collaboration.

Table 4. SciVal bibliometric outcomes by demographic groups (medians reported).
Bibliometric Value, median
Gender

a

Race

Degree

5-year value

8-year value

5-year value

8-year value

5-year value

8-year value

Male

Female

Male

Female

White

People of
color
White

People of
color
MD

Non-MD

MD

Non-MD

FWCIa

8.1b

6.3

14

10

7

8

11

13

8

6

12

9

Scholarly
output

23

15

35

26

18

12

30

29

20

15

35

25

Citations per 144
publication

115

200

185

125

167

185

204

144

109

192

193

PPTPJc

45

39

43

41

42

49

40

45

47

39

44

36

NFWCd

2.2

1.8

3.6

3.6

2.1

1.6

3.9

2.2

2.3

1.3

4

2.5

FWCI: field-weighted citation impact.

b

Italicized values indicate the largest value.

c

PPTPJ: percentage of publications in the top 10th percentile of journals.

d

NFWC: National Field-Weighted Collaboration.

iCite
Data from iCite only provided a comprehensive report from all
the years included in this study, as illustrated in Table 5. KL2
publications from all institutions were cited twice as much as
other researchers in their fields, earning an average of 4.5
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citations per year. The average NIH percentile was 53%,
indicating that KL2 publications had an RCR higher than 53%
of all NIH-funded publications [17]. At the institutional level,
Institution A reported significantly lower results for the average
field-weighted citation rate (H2=8.96; P=.01). No other
significant results were reported.
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Table 5. iCite bibliometric outcomes by institution (medians reported).
Bibliometric

a

Value, median
All institutions

Institution A

Institution B

Institution C

Average RCRa

1.67

1.51

1.72

1.78b

Average citations per year

3.47

2.76

3.84

3.82

Average field citation rate

4.05

3.79

4.27

4.09

Average NIHc percentile

52.91

51.86

54.17

52.69

RCR: relative citation ratio.

b

Italicized values indicate the largest value.

c

NIH: National Institutes of Health.

Federal Follow-on Funding
Grant analysis of KL2 scholars at all 3 institutions indicated
that 44.1% (63/143) of KL2 scholars received federal funding
within 5 years postmatriculation. At the 8-year time point, 51.7%
(74/143) of scholars had achieved federal funding as a principal
investigator, coprincipal investigator, or coinvestigator.
Significant differences between institutions were found at the
5-year, 8-year, and overall funding rates using the chi-square

test (Table 6). Scholars from Institution B were more likely to
have received federal funding than scholars at Institution A or
C at the 5-year (χ22=15.28; P<.001) and 8-year (χ22=7.07;
P=.03) time points. Investigating federal grant funding by
scholar characteristics showed no significant differences
between gender, race, or degree at the 5-year or 8-year time
points. Male scholars in our sample appeared to receive federal
funding at higher rates than females, but this did not reach
significance (χ22=3.56; P=.06).

Table 6. Scholars with extramural federal funding by institution.

a

Time point

All institutions (N=143), n (%) Institution A (n=50), n (%)

Institution B (n=48), n (%)

Institution C (n=45), n (%)

5-year

63 (44.1)

16 (32)

31 (64.5a)

13 (28.9)

8-year

74 (51.7)

24 (48)

32 (66.7)

18 (40)

Overall

74 (51.7)

24 (48)

32 (66.7)

19 (42.2)

Italicized values indicate the largest value.

Discussion
Principal Findings
Overall, this study emphasizes the high level of scholarly
productivity, impact, collaboration, and funding achieved by
KL2 scholars. This study also provides insights into the utility
of both bibliometric and federal follow-on funding to evaluate
CTR training success, especially for measuring the scholarly
work of training participants. Bibliometric data provide a better
understanding of the impact of research publications produced
by KL2 scholars. Federal funding data demonstrate the extent
to which KL2 scholars are receiving subsequent federal funding
and therefore successfully sustaining their research.

Bibliometrics
On the basis of previous experience of applying bibliometrics
to CTSA performance assessment [8-12], this study adopted a
proprietary research analytics tool, SciVal, and a publicly
available federal government–developed bibliometric tool, iCite,
to investigate the productivity and citation impact of KL2
scholars across 3 institutions. Both SciVal and iCite metrics
showed that the examined research publications of KL2 scholars
had a more significant citation influence than those published
simultaneously by other researchers in the same fields. For
instance, SciVal metrics (eg, field-weighted citation impact
[FWCI] and percentage of publications in the top 10th percentile
https://www.jmir.org/2021/9/e29239
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of journals) showed that, on average, at 5 years, KL2 scholars
were cited almost 7 times more than other researchers in their
field. Approximately half of their articles were published in the
top 10th percentile of the world's journals, which indicates the
distinguishing influence of CTSA-supported KL2 scholars.
Similarly, the RCRs generated by iCite disclosed that the KL2
scholars at 3 institutions received almost twice as many citations
per year as other researchers in their fields, which is consistent
with results reported in a previous study [12]. The difference
of citation impact results produced by SciVal (FWCI) versus
iCite (RCR) is associated with varied time ranges and citation
tracking scopes that these two tools examined. In this study,
FWCI results were generated at the 5- and 8-year time point,
whereas the RCR of an institution was the average of all
included publications from 2005 to 2019. In addition, the Scopus
database, from which SciVal data are derived, is one of the
largest citation databases in the world and covers the MEDLINE
database, which is the primary component of PubMed in
addition to thousands of international publishers. Consequently,
the citation counts and FWCIs provided by SciVal or Scopus
are often higher than those generated by iCite, which only tracks
citation counts within the NIH Open Citation Collection,
including MEDLINE, PubMed Central, and CrossRef [23].
Furthermore,
KL2-scholars
demonstrated
significant
collaborations with researchers across the United States, with
coauthorship occurring 2 times more than others in their research
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fields at the 5-year time point and 3.6 times more at the 8-year
time point, as measured by the National Field-Weighted
Collaboration score generated by SciVal. Therefore, our results
confirm the feasibility of applying bibliometrics to assess
scholarly work supported by CTSA programs and corroborate
the effectiveness of three CTSA programs in supporting KL2
scholars for translational research [8,9].
Nevertheless, a subanalysis highlighted a few critical
demographic differences between scholars across institutions.
Male scholars published significantly more than female scholars
did at 5 years postmatriculation; however, this difference was
not observed at the 8-year time point. Previous research confirms
the difference in publications by males, but limited research has
investigated any long-term differences [24]. Our results suggest
that differences over time may be a critical point where female
scholars reduce this gap, which may arise from a variety of
personal commitments that impact the pace of the career of a
female scientist. At 8 years postmatriculation, scholars with an
MD degree had a significantly higher FWCI than those without
an MD degree. These demographic differences should be further
studied to better understand the role the scientific field plays in
supporting scholarly work across different scientific areas.
Similarly, bibliometrics brought institutional differences to our
attention (Multimedia Appendix 1). We found that KL2 scholars
at Institution C had a significantly higher rate of citations per
publication. In comparison, Institution A had a significantly
lower rate of National Field-Weighted Collaboration than the
other 2 institutions. These cross-institutional differences
emphasize the need to invest in the standardization of measures
(eg, bibliometrics), improving the ability to evaluate scholarly
success across the nation. In previous research, CTSA hubs
reported various techniques for reporting and tracking
publications [8,9,25]. In addition, differences in publication
characteristics have been shown to impact bibliometric outcomes
(eg, reviews are usually cited more than original articles;
open-accessible articles are cited more than nonopen accessible
ones), such as in journal coverage of bibliographic databases,
and the size and establishing time of CTSA programs [9,10,25].
Therefore, although it is feasible to use bibliometrics to analyze
the scholarly output and influence of multiple CTSA programs,
there are complications in applying citation metrics, interpreting
results, and benchmarking the performance of multi-institutional
programs. Future research should consider the role of the
program-level characteristics outlined in the Multimedia
Appendix 1.

Federal Follow-on Funding
Our analysis reveals that federal funding award rates for KL2
scholars are higher than the national average of 20.2% [26].
Previous research reported a 34% R01 funding rate for KL2
scholars 6 years postmatriculation [27]. Our study included R01
equivalent awards, but nonetheless suggests that the federal
funding rate for KL2 scholars in this sample (63/143, 44.1% at
5 years) may be slightly higher than other institutions. The data
also show that male KL2 scholars are more likely to receive
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federal funding than their female counterparts; however, this
was not statistically significant. Previous studies examining
gender differences in obtaining grant funding have been mixed.
There were mitigating effects by both the type of training and
the length of time following training [21,22,28]. In our analysis,
we investigated the attainment of any NIH funding, and thus,
we might have picked up additional funding mechanisms not
examined in previous research. To our knowledge, none of the
studies, including ours, has examined funding from foundations
or other sources. This exclusion is a limitation and potential
area of further research, especially to better understand the
underlying factors associated with male KL2 scholars having
a higher likelihood of receiving follow-on funding.

Limitations
The limitations of this study include programmatic differences
between the 3 institutions, differences in scholarly scientific
fields, and grant data. We intended to investigate the scholarly
success of a multi-institutional sample of KL2 scholars and to
identify appropriate and feasible methods that could be used
across institutions. However, the analysis of these measures
revealed that performance on certain metrics could be linked to
institutional characteristics. Perhaps the most considerable
difference between these three KL2 programs is the length of
KL2 funded training time. Each institution had a different length
of funding, ranging from 2 to 4 years, provided to scholars.
Other programmatic distinctions, such as variations in grant
writing support, also exist. Future research should identify which
program characteristics are related to the outcomes studied here.
Other possible analyses include investigating the impact of
scholarly field and degree on outcomes given the differences
between MDs and PhDs that we highlighted in our analyses.

Conclusions
This study emphasized the use of bibliometrics and federal
follow-on funding as necessary evaluation measures for
assessing scholarly productivity, impact, collaboration, and
funding achieved by KL2 scholars. We have shown that
evaluators can use these metrics to evaluate CTR training
programs that focus on scholarly productivity as a critical
outcome. These methods can be used to complement existing
evaluation strategies to demonstrate program performance. The
findings of this study highlight the need to better understand
barriers and facilitators of scholarly productivity. Institutions
should consider similar subanalyses within their evaluations to
explore equity within their programs. In addition, there is a need
to investigate the impact of programmatic components and best
practices that yield high follow-on funding rates. Program-level
goals within and among institutions influence funding outcomes,
scholarly productivity, and collaboration. Identifying these
differences will enhance the specificity of KL2 program
evaluations. CTR training programs, such as CTSA KL2
programs, can benefit from the findings of this and future
analysis as they continuously adapt their program strategy to
support the early-stage career development of CTR investigators.
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Abstract
Background: School food outlets represent a key setting for public health nutrition intervention. The recent proliferation of
web-based food ordering systems provides a unique opportunity to support healthy purchasing from schools. Embedding
evidence-based choice architecture strategies within these routinely used systems provides the opportunity to impact the purchasing
decisions of many users simultaneously and warrants investigation.
Objective: This study aims to assess the effectiveness of a multistrategy behavioral intervention implemented via a web-based
school canteen lunch ordering system in reducing the energy, saturated fat, sugar, and sodium content of primary students’
web-based lunch orders.
Methods: The study used a parallel-group, cohort, cluster randomized controlled trial design with 2207 students from 17
Australian primary schools. Schools with a web-based canteen lunch ordering system were randomly assigned to receive either
a multistrategy behavioral intervention that included choice architecture strategies embedded in the web-based system (n=9
schools) or the standard web-based ordering system only (n=8 control schools). Automatically collected student purchasing data
at baseline (term 2, 2018) and 12 months later (term 2, 2019) were used to assess trial outcomes. Primary trial outcomes included
the mean energy (kJ), saturated fat (g), sugar (g), and sodium (mg) content of student lunch orders. Secondary outcomes included
the proportion of all web-based lunch order items classified as everyday, occasional, and caution (based on the New South Wales
Healthy School Canteen Strategy) and canteen revenue.
Results: From baseline to follow-up, the intervention lunch orders had significantly lower energy content (−69.4 kJ, 95% CI
−119.6 to −19.1; P=.01) and saturated fat content (−0.6 g, 95% CI −0.9 to −0.4; P<.001) than the control lunch orders, but they
did not have significantly lower sugar or sodium content. There was also a small significant between-group difference in the
percentage of energy from saturated fat (−0.9%, 95% CI −1.4% to −0.5%; P<.001) but not in the percentage of energy from sugar
(+1.1%, 95% CI 0.2% to 1.9%; P=.02). Relative to control schools, intervention schools had significantly greater odds of having
everyday items purchased (odds ratio [OR] 1.7, 95% CI 1.5-2.0; P<.001), corresponding to a 9.8% increase in everyday items,
and lower odds of having occasional items purchased (OR 0.7, 95% CI 0.6-0.8; P<.001), corresponding to a 7.7% decrease in
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occasional items); however, there was no change in the odds of having caution (least healthy) items purchased (OR 0.8, 95% CI
0.7-1.0; P=.05). Furthermore, there was no change in schools’ revenue between groups.
Conclusions: Given the evidence of small statistically significant improvements in the energy and saturated fat content,
acceptability, and wide reach, this intervention has the potential to influence dietary choices at a population level, and further
research is warranted to determine its impact when implemented at scale.
Trial Registration:
Australian New Zealand Clinical Trials Registry (ANZCTR) ACTRN12618000855224;
https://www.anzctr.org.au/Trial/Registration/TrialReview.aspx?id=375075.
International Registered Report Identifier (IRRID): RR2-10.1136/bmjopen-2019-030538
(J Med Internet Res 2021;23(9):e26054) doi:10.2196/26054
KEYWORDS
nudge; choice architecture; intervention; online canteen; online ordering systems; digital interventions; school children; school
food service; canteens; menu labeling

Introduction
Background
Dietary risk factors are a leading cause of disease [1]. Schools
are a key setting for public health nutrition [2], and school food
outlets can play an important role in children’s nutrition. Studies
of Australian school canteens show energy-dense, nutrient-poor
foods are the most commonly purchased items [3,4], despite
the existence of interventions to encourage healthier choices
[5-7]. Such interventions typically include supply-based
approaches that target the relative availability of healthier foods.
For example, the New South Wales (NSW) Healthy School
Canteen Strategy (the NSW Strategy) requires that canteen
menus have at least 75% everyday items (healthy foods
consistent with the Australian Dietary Guidelines) and no should
not be sold items (unhealthy items high in saturated fat, sugars,
or salt) [8]. The NSW Strategy is mandatory in government
schools and is strongly encouraged in nongovernment schools
[8]. However, the impact of such supply-based interventions is
highly variable due to less than optimal implementation
[5-7,9,10].

controlled pilot trial found that a 2-month intervention, which
incorporated menu labeling, positioning, prompting, and
availability strategies, significantly increased healthy food
purchases [21]. At follow-up, the lunch orders from the
intervention schools contained less energy, saturated fat, and
sodium than lunch orders from control schools (P<.001) [21].
However, the pilot study tested only a limited range of strategies
within a small number of government schools for a short period.
Furthermore, since the pilot, the NSW canteen guidelines have
changed [22]. In 2017, the Fresh Tastes at School Strategy [22],
which adopted a traffic light system to classify foods as green,
amber, or red from most to least healthy, was replaced by the
current NSW Healthy School Canteen Strategy [8], which was
revised to align with the Australian Dietary Guidelines. The
current NSW Strategy uses the national Health Star Rating
front-of-pack labeling system and specific portion limits to
classify foods as everyday, occasional, or should not be sold
(caution). Schools were provided with support to help implement
the guidelines, with the goal of complete implementation in
NSW schools by 2019.

Objectives

The rise of web-based technology represents a unique
opportunity to provide broader support to consumers to
encourage healthy canteen purchases in schools using
demand-based or consumer-focused approaches. In particular,
choice architecture strategies [11], including menu labeling
[12-16], prompts [17-19], and changing the position of food
[20], have been shown to influence food choices in schools and
other settings. Embedding these strategies within routinely used
systems is appealing from a public health perspective as they
provide the opportunity to reach many people simultaneously
at low cost, require only minimal engagement, and are not reliant
on the education or skills of the consumers [11].

This study seeks to extend the impact of the pilot by testing
additional strategies in a changed policy context with schools
from additional sectors (ie, Catholic and independent schools)
for a longer period (approximately 12 months) to determine the
broader utility of this novel approach in improving public health
nutrition. This trial aims to assess the effectiveness of a
multistrategy behavioral intervention embedded within an
existing web-based canteen ordering system in reducing the
energy, saturated fat, sugar, and sodium content of primary
school students’ web-based lunch orders.

We previously evaluated a choice architecture intervention
delivered via an existing, routinely used web-based canteen
ordering system in Australian schools. The pilot study,
conducted in 10 NSW government primary schools, established
that choice architecture strategies could be successfully
embedded within a web-based canteen ordering system [21].
Web-based ordering allows parents and carers (hereafter
parents) and students to view the school canteen menu and
prepurchase items on the web. This cluster randomized

Study Design
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Methods
This study used a parallel-group, cohort, cluster randomized
controlled trial (RCT) design and is reported according to the
CONSORT (Consolidated Standards of Reporting Trials)
extension for clustered RCTs. This trial was prospectively
registered (ACTRN12618000855224) and approved by the
University of Newcastle Human Research Ethics Committee
(H-2017-0402) and the Catholic Education Office Dioceses of
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Sydney, Parramatta, Lismore, Maitland-Newcastle, Bathurst,
Canberra-Goulburn, Wagga Wagga, Wollongong, and
Wilcannia-Forbes. Schools (clusters) with a web-based canteen
ordering system were randomly assigned to either an
intervention group (receiving choice architecture strategies
embedded in the web-based systems, plus audit and feedback)
or a control group (receiving the standard web-based canteen
only), as it was not possible to randomize individuals. A detailed
protocol has been published [23], which is summarized below.

Participant Recruitment
Participating Schools

Wyse et al
and telephone. Although it was originally intended that
government schools would be included, extensive delays in
obtaining ethical approval meant that these schools were
excluded, as the timeframe of intervention exposure would have
been too short to warrant inclusion. Although the NSW Healthy
School Canteen Strategy is mandatory in government schools,
all schools are strongly encouraged to adopt this strategy [8].
Recruitment took place from May to September 2018 (17
weeks).

Inclusion and Exclusion Criteria
Textbox 1 describes the inclusion and exclusion criteria.

Nongovernment (Catholic and independent) primary schools
within NSW, Australia, were approached to participate by mail
Textbox 1. School, user, and order inclusion and exclusion criteria.
Inclusion Criteria
•

Schools: schools were eligible if they used the Flexischools web-based canteen service and had done so for at least a month before recruitment.
Flexischools is the largest provider of web-based canteen services in Australia, servicing more than 1200 schools and processing more than 13
million lunch orders per year [21].

•

Users: students from kindergarten to grade 5 who placed a web-based lunch order in the baseline data collection period were included in the
study.

•

Orders: all new orders placed on a mobile device were included (typically representing approximately 70% of all orders). Orders placed on a
desktop or where order modality could not be determined were excluded as users would not have been exposed to any of the intervention strategies.

Exclusion Criteria
•

Schools
•

Externally licensed school canteens were excluded as these private operators often service multiple schools, increasing the risk of intervention
contamination. However, two recruited canteens that were not initially identified as being externally licensed were retained, as they did not
service any other school within the sample.

•

Combined primary and secondary schools were ineligible unless they had separate menus for primary and secondary students, as the New
South Wales Strategy is applied differently across these age groups.

•

Users: grade 6 and grade 5 and 6 composite students were excluded from the baseline as they would have moved on to secondary school during
the follow-up period. School staff members were excluded.

•

Orders: the baseline and follow-up periods were intended to run for the 10-week school term. However, orders from 2 weeks of the baseline term
were excluded as the order mode (mobile vs desktop) could not be determined because of a software update. The follow-up data collection period
was subsequently reduced to 8 weeks to match the baseline. Recurring orders placed before the intervention period and orders from special food
days were excluded, as users would not have been exposed to the intervention strategies. Lunch orders with an implausible number of items (ie,
15 or more) were excluded based on consensus from research dietitians with extensive canteen experience.

Intervention
Overview
A multistrategy behavioral intervention targeting users of the
web-based system was implemented by modifying the interface
of the Flexischools web-based ordering system. The intervention
(Figure 1) is fully described in the published protocol [23] and
incorporated choice architecture strategies [11], including the
following:
•

•

Menu labeling: a colored symbol denoting everyday,
occasional, or caution (also referred to as should not be
sold) items based on the NSW Healthy Canteen Strategy
was added next to each menu item along with a key
explaining each of the symbols.
Positioning: menu items and categories were arranged to
make healthier everyday options more prominent (ie,
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•

•

•

positioned first within the list of menu items), and where
there were multiple flavors of an occasional or caution
item, users were required to click on the category before
the full list of flavors was displayed in a separate pop-up
box.
Prompting: an appealing image and brief text prompt were
placed next to all healthy categories. When users selected
an occasional or caution hot food item, they received a
prompt to purchase water and a piece of fruit or vegetable
(healthy add-ons).
Feedback: before finalizing and paying for their lunch order,
the user was shown a pie graph with tailored feedback based
on the proportion of everyday items in the order.
Incentives: orders that contained 100% everyday items had
a cartoon character and congratulatory text printed on the
lunch label, which was printed out and stuck on the paper
bag in which the lunch order was delivered to students.
J Med Internet Res 2021 | vol. 23 | iss. 9 | e26054 | p.1443
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Figure 1. Screenshot of the Click & Crunch intervention.

Canteen Supportive Strategies
An audit and feedback report were emailed to canteen managers
and principals, classifying each menu item as per the NSW
Strategy (ie, everyday or occasional) and providing general
information about pricing items to encourage healthy purchases
[6].

Control
Control schools received no change to their web-based canteen
menu and no audit or feedback reports. However, NSW Local
Health Districts support all schools to use the Menu Check
Service—a free service that reviews canteen menus against the
NSW Strategy and provides feedback to schools.

Outcomes and Measures
Overview
Student purchasing data automatically collected by the
Flexischools system was used as the basis for evaluation. Data
were collected simultaneously for all schools, for two 8-week
periods, 12 months apart (term 2, 2018, and term 2, 2019).
Baseline data were retrospectively collected.
Primary Outcomes
The primary outcomes were the mean lunch order content of
energy (kg), saturated fat (g), sugar (g), and sodium (mg). For
prepackaged foods, this was based on a blinded dietitian’s
assessment using a series of sources in the following order: (1)
a database containing more than 2000 commonly stocked
canteen products developed by canteen researchers for the past
5 years, (2) the Healthy Food Finder database (NSW
Government) [24], (3) the FoodSwitch website (The George
Institute for Global Health) [25], and (4) a web search for the
nutrient information panel. For canteen-prepared food, the recipe
was obtained from the canteen manager and analyzed using
FoodWorks 9 Professional nutrition analysis software (Xyris
Software) [26].
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Secondary Outcomes

Healthier Purchasing
The proportion of all web-based lunch order items that were
everyday, occasional, and caution was calculated by a dietitian
using the criteria underpinning the NSW Strategy; the mean
proportion of energy within lunch orders that was derived from
saturated fat and sugar was also calculated based on 37 kJ/g of
fat and 17 kJ/g of sugar [27].

Canteen Revenue (Adverse Outcome)
Purchasing data that were automatically collected by the
web-based system were used to calculate mean weekly canteen
revenue.
Canteen Characteristics
At the end of the follow-up period, a telephone interview with
canteen managers was conducted to collect information
regarding canteen operations (eg, principal operated; parent and
citizen operated; or externally licensed—privately operated),
type of manager (eg, paid or volunteer manager), the days of
operation, and the usual number of web-based orders per week.
Process Measures
Change in Availability
The proportion of schools with canteen menus meeting the NSW
Strategy was calculated at baseline and follow-up based on
dietitian menu assessment.
Change in Pricing
The average price of everyday, occasional, and caution items
was calculated at baseline and follow-up based on each school’s
web-based menu.
Intervention Acceptability
During the telephone interview, canteen managers were asked
to rate the acceptability of the intervention (eg, individual
strategies and the intervention overall) using a Likert scale
(Multimedia Appendix 1).
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Additional Support Received
To determine the potential impact of canteen managers making
changes to their menu, they were also asked about any additional
support they had received during the 12-month intervention
period.
School Characteristics
School characteristics were obtained from a national website
[28]. The following information was extracted: the number of
student enrolments, the proportion of Aboriginal and Torres
Strait Islander enrolment, and the school postcode.
User Characteristics
User characteristics were derived from automatically collected
data within the Flexischools system. Student class (eg, 3F)
contains student grade (eg, Grade 3) and is a required field
entered by the parents at system registration, and the frequency
of use was based on a count of all orders placed by a student
within the baseline data collection period and an average per
week was calculated.

Randomization and Blinding
Following the provision of principal (cluster) consent, and after
the completion of the baseline menu assessment, an independent
statistician used Microsoft Excel to randomize schools to an
intervention or control group in a 1:1 ratio, using block
randomization with block size between 2 and 4. Randomization
was stratified by school sector (ie, independent schools and
Catholic schools) and socioeconomic status based on school
postcode using Socioeconomic Indexes for Areas (SEIFA) [29].
Due to the difficulty in blinding participants, this was run as an
open trial.

Fidelity and Data Quality
During each school term for the duration of the intervention, a
research assistant checked the web-based menus to ensure that
the menu labels were correctly applied and recorded whether
other intervention strategies were present or absent. An
exception was the incentive strategy, which, being printed on
lunch labels, was not verifiable by checking the web-based
menu. Canteen visits were conducted in 6 schools (including 3
intervention schools) to verify the automatically collected
purchasing data against the orders received and distributed by
the canteens.

Sample Size
Recruitment of 26 schools and 194 students per school (allowing
for 86% follow-up and 70% of orders placed using a mobile
device) would allow detection of a between-group difference
of 195 kJ per average lunch order, assuming an intraclass
correlation coefficient of 0.05, with 80% power, and a
significance level of P<.0125 (Holm-Bonferroni adjusted for
the four primary outcomes).

Analysis
An intention-to-treat approach was adopted, whereby all student
orders and schools were analyzed based on the groups to which
they were originally allocated and included data from all
students who had baseline purchasing data. To adjust for
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multiple outcomes, P<.0125 was adopted as the prespecified
level of significance.
Primary Outcomes
Each primary trial outcome was assessed using a separate linear
mixed model. The nutritional content (ie, energy, saturated fat,
sugar, and sodium) of all web-based lunch orders placed by
students was compared between the intervention and control
groups throughout time by including a group-by-time interaction
fixed effect. All models included a random intercept for school
(to account for potential school-level clustering), a nested
random intercept and random time effect for students (to account
for repeated measurements between and within baseline and
follow-up), and fixed effects for the school sector and SEIFA.
Secondary Outcomes
Healthier purchasing outcomes (ie, everyday, occasional, and
caution) were assessed using separate logistic mixed models.
To assess whether there was a significant change in the purchase
of everyday, occasional, and caution items between groups,
three separate logistic regressions were used (ie, items that are
everyday vs items that are not everyday), including a
group-by-time interaction fixed effect. As with the primary
outcomes, all models included a random intercept for school
(to account for potential school-level clustering), a nested
random intercept and random time effect for students (to account
for repeated measurements between and within time points),
and fixed effects for the school sector and SEIFA. Differences
in the proportion of energy derived from saturated fat and sugar
within each order and differences in average weekly revenue
were assessed according to the primary outcomes.
Per-Protocol Analysis
A per-protocol analysis was conducted to determine the effect
on energy content (kJ) and proportion of everyday foods when
the intervention was applied in full. Schools were included if
they had >80% of verifiable strategies correctly applied at
follow-up and if the incentive strategy was reported as present
in the canteen manager survey. Prespecified subgroup analyses
were conducted based on energy content (kJ), student grade
(kindergarten-grade 2 vs grade 3-5), school sector (Catholic vs
independent), and order frequency (low <1 order/week on
average vs high ≥1 order/week on average) by adding a
three-way interaction fixed effect (group-by-time-by-subgroup).
The following assumptions underpin the prespecified subgroup
analyses: (1) parents may have more control over the lunch
orders of younger students and may be more influenced by the
intervention, leading to healthier purchasing for younger
students. (2) There may be differences in the implementation
of the NSW Healthy Schools Canteen Strategy between the
school sectors (Catholic vs independent), which may have
influenced the menu composition, and therefore the ability of
the intervention to have an effect. (3) Users who ordered less
frequently may consider canteen lunch orders to be more of a
treat purchase rather than part of their usual diet and therefore
be less influenced by the intervention strategies.
Statistical analyses were performed using the SAS version 9.3
(SAS Institute).
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Results
Overview
The CONSORT diagram (Figure 2) shows the number of schools
and students participating in the trial. After 17 weeks of
recruitment, 40% (17/43) of eligible schools had consented,
33% (14/43) had refused, and 28% (12/43) were undecided. In
total, 9 schools were randomized to the intervention group, and
8 schools were randomized to the control group. None of the

Wyse et al
schools dropped out of the study. Four combined schools that
enrolled kindergarten to grade 12 students were included in the
sample (3 intervention schools and 1 control school).
Only four orders, representing <0.01% of all orders, were
excluded because they were implausibly large. The
characteristics of participating schools and students are described
in Tables 1 and 2. Intervention schools had approximately 30%
higher student enrolments than control schools (no significance
testing) [30], and as such, the average number of web-based
lunch orders per week was higher in intervention schools.

Figure 2. CONSORT (Consolidated Standards of Reporting Trials; extension for clustered randomized controlled trials) diagram.
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Table 1. Characteristics of the sample of 17 participating schools.
School and canteen characteristics

Intervention (n=9 schools)

Control (n=8 schools)

Independent

4 (44)

3 (38)

Catholic

5 (56)

5 (63)

Number of enrolmentsa,b, mean (SD)

501 (208)

386 (134)

Aboriginal or Torres Strait Islander studentsa (%), mean (SD)

6 (9.7)

4 (3.5)

Least advantaged

3 (33)

4 (50)

Most advantaged

6 (67)

4 (50)

Principal or school run

6 (86)

6 (75)

Parent & Citizen or Parents & Friends rune

0 (0)

1 (13)

Contracted food service

1 (14)

1 (13)

7 (100)

8 (100)

0 (0)

0 (0)

5

6 (86)

5 (63)

3-4

1 (14)

2 (25)

0 (0)

1 (13)

136 (80.3)

98 (91.3)

School sectora, n (%)

Socioeconomic statusc, n (%)

Type of canteen operationd, n (%)

Type of canteen managerd, n (%)
Paid
Volunteer
d

Days of canteen operation per week , n (%)

1-2
f

Number of weekly web-based lunch orders (per school) , mean (SD)
a

On the basis of publicly available school statistics (MySchool 2018).

b

Excluding combined schools (as this information was not available on the MySchool website).

c

Socio-economic Indexes for Areas 2016 data, based on the postcode of school locality, and dichotomized (median split).

d

On the basis of the canteen manager survey conducted after collecting follow-up data, completed by 7 intervention and 8 control canteen managers.

e

Parent & Citizen or Parents & Friends (in Catholic schools) run canteens are those that are managed by a governing body or committee consisting of
parents and citizens of the school community and the school principal.
f

On the basis of Flexischools purchasing data.

Table 2. Characteristics of the sample of 2207 participating students.
User characteristics

Intervention (n=1359)

Control (n=848)

Kindergarten-grade 2

677 (49.82)

446 (52.59)

Grade 3-5

682 (50.18)

402 (47.41)

High users (≥1 order/week on average)b

463 (34.07)

312 (36.79)

Low users (<1 order/week on average)

896 (65.93)

536 (63.21)

Grade of student at baseline, n (%)

Frequency of usea, n (%)

a

Frequency of use based on baseline purchasing characteristics.

b

Orders ≥8 during the 8-week baseline data collection period.
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Primary Outcomes
Overview
The linear mixed model analysis indicated that the
between-group differences throughout time for the intervention
group were as follows: −69.4 kJ energy (95% CI −119.6 to

Wyse et al
−19.1; P=.01), −0.6 g saturated fat (95% CI −0.9 to −0.4;
P<.001), −32.1 mg sodium (95% CI −56.3 to −7.9; P=.013),
and +0.4 g sugar (95% CI −0.7 to 1.5; P=.47). The differences
in energy and saturated fat were statistically significant at the
prespecified level of P<.0125, and sodium was borderline (Table
3).

Table 3. Primary and secondary outcomes in intervention and control groups from baseline to follow-up for 2207 student participants (linear mixed
model analysis).
Variable

Baseline, mean (SD)

Follow-up, mean (SD)

Intervention
(N=1359 children; N=9726
orders;
N=23,526
items)

Intervention
(N=1108 children; N=9434
orders;
N=22,061
items)

Control (N=848
children;
N=6279 orders;
N=14,124
items)

Intervention versus controla

Control (N=691 Main analysis
children;
N=6334 orders;
N=14,087
items)
Group-by-time
differential effect (95% CI)

Per-protocol analysis

P value

Group-by-time
differential effect (95% CI)

P value

.01c

−89.4

.007

Primary outcomesb
Energy (kJ)b

1634.4

1632.1

1623.3

1685.6

−69.4

(704.2)

(743.0)

(699.2)

(838.6)

(−119.6 to
−19.1)

Saturated fat

5.2

4.6

4.7

4.9

−0.6

(g)b

(3.9)

(3.2)

(3.7)

(3.4)

(−0.9 to −0.4)

Sugar (g)b

12.9

15.8

13.3

15.4

0.4

(14.0)

(19.1)

v(14.5)

(21.1)

(−0.7 to 1.5)

596.1

599.3

580.1

618.1

−32.1

(343.0)

(328.9)

(342.0)

(350.7)

(−56.3 to −7.9)

Sodium (mg)

b

(−148.9 to
−29.9)
<.001

−0.7

<.001

(−1.1 to −0.4)
.47

0.7

.28

(−0.6 to 2.0)
.013

−29.9

.04

(−58.1 to −1.8)

Secondary outcomesd
Energy from

11.0

9.9

10.2

10.4

−0.9

saturated fatb
(%)

(5.9)

(5.1)

(5.8)

(5.2)

(−1.4 to −0.5)

<.001

Energy from

12.0

13.9

12.4

13.1

1.1

sugarb (%)

(11.8)

(12.7)

(11.9)

(12.7)

(0.2 to 1.9)

Average
weekly revenue per
school (US $)

668.60

496.10

938.60

700.81

65.28

(420.90)

(442.63)

(574.07)

(480.06)

(−76.02 to
206.58)

−1.1

<.001

(−1.6 to −0.5)
.02

1.5

.006

(0.5 to 2.5)
.36

119.7

.10

(−20.94 to
260.40)

a

Data were analyzed using separate linear mixed models adjusted for Socioeconomic Indexes for Areas, the school sector, and clustering at the school
and student levels.
b

Baseline intraclass correlation coefficient values: energy 0.100; saturated fat 0.130; sugar 0.131; sodium 0.111.

c

Italics indicate statistical significance P<.0125.

d

Baseline intraclass correlation coefficient values: percentage energy from sugar 0.104; percentage of energy from saturated fat 0.117.

Per-Protocol Analysis
In total, 4 schools partially implemented the intervention, with
3 schools not implementing the healthy add-ons strategy (see
the section Fidelity Checks), and 4 schools where it could not
be confirmed that the incentive strategy was delivered. The
per-protocol analysis of the 5 intervention schools that
implemented the intervention in full, relative to control schools,
showed larger significant effects for three of the four primary
outcomes (−89.4 kJ energy, P=.007; −0.7 g of saturated fat,
P<.001; Table 3).
https://www.jmir.org/2021/9/e26054
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Secondary Outcomes
Healthier Purchasing
From baseline to follow-up, relative to control schools,
intervention schools had greater odds of having everyday items
purchased (odds ratio [OR] 1.69, 95% CI 1.46-1.96; P<.001)
corresponding to a 9.77% increase in everyday items, and lower
odds of having occasional items purchased (OR 0.67, 95% CI
0.57-0.78; P<.001) corresponding to a 7.69% decrease in
occasional items (Table 4). The decrease in caution items was
not significant at the prespecified significance level (OR 0.82,
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95% CI 0.68-1.00; P=.05). The per-protocol analysis revealed
that the intervention effect and significance remained similar
for both everyday (OR 1.50, 95% CI 1.27-1.78; P<.001) and
occasional (OR 0.70, 95% CI 0.59-0.84; P=.001) items. There
were very small between-group differences in the percentage

of energy from saturated fat (−0.9%, 95% CI −1.4% to −0.5%;
P<.001) and percentage of energy from sugar (+1.1%, 95% CI
0.2%-1.9%; P=.02) with the result for energy significant in the
main analysis, and both energy and sugar significant in the
per-protocol analysis (Table 3).

Table 4. Secondary outcomes in intervention and control groups from baseline to follow-up (logistic mixed model analysis; analysis of 73,798 items
purchased)a.
Classificationb

Baseline, n (%)

Follow-up, n (%)

Main analysis

Per-protocol analysis

Intervention
(n=23,526)

Control
(n=14,124)

Intervention
(n=22,061)

Control
(n=14,087)

Relative odds
ratio (95% CI)

Everydayc

7423 (31.55)

5711 (40.43)

8518 (38.61)

5276 (37.45)

1.69 (1.46-1.96) <.001d

1.50 (1.27-1.78) <.001

Occasionalc

11,261 (47.87)

6185 (43.79)

9943 (45.07)

6821 (48.42)

0.67 (0.57-0.78) <.001

0.70 (0.59-0.84) .001

Cautionc

4842 (20.58)

2228 (15.77)

3600 (16.32)

1990 (14.13)

0.82 (0.68-1.00) .05

0.92 (0.74-1.14) .39

P value

Relative odds
ratio (95% CI)

P value

a

Separate logistic mixed models were used, which included a random intercept for school (to account for potential school-level clustering), a nested
random intercept and random time effect for students (to account for repeated measurements between and within time points), and fixed effects for
sector and Socioeconomic Indexes for Areas. Variables were dichotomized (eg, everyday vs other items).
b

Baseline intraclass correlation coefficient values: percentage of everyday foods 0.07; percentage of occasional foods 0.135; percentage of caution
foods 0.231.
c

Chicken nuggets are commonly sold in multiple units. Some schools prepackage them (ie, 1 serve=6 nuggets), whereas other schools allow any quantity
to be purchased. To account for this difference, this analysis counted the number of nuggets purchased by a single child at 1 purchasing occasion as a
single item.
d

Italics indicate statistical significance P<.0125.

Revenue
There was no between-group difference in the average weekly
revenue from web-based canteen purchases over time (P=.36;
Table 3).
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Subgroup Analysis
There were no differences in intervention effectiveness with
respect to energy content across student grade, school sector,
or frequency of order (Table 5).
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Table 5. Intervention impact on mean energy content (kJ) of lunch orders from baseline to follow-up: subgroup analysis for 2207 student participants.
Variable

Baseline, mean (SD)

Follow-up, mean (SD)

Intervention versus controla

Group-by-time
Intervention
Control
Intervention
Control
differential ef(n=9726 orders) (n=6279 orders) (n=9434 orders) (n=6334 orders) fect (95% CI)

P value

Group-by-timeby-subgroup
differential effect (95% CI)
P value

Kindergartengrade 2

1557.9 (676.4)

1606.8 (758.0)

1551.5 (688.0)

1635.2 (820.1)

−63.9 (−134.4
to 6.6)

.07

Reference

Grade 3-5

1708.7 (722.5)

1658.3 (726.3)

1699.7 (703.0)

1734.7 (853.5)

−71.6 (−144.2
to 1.0)

.05

−7.7 (−108.9 to .87
93.5)

Low (<1 order/week)

1719.4 (706.1)

1753.2 (768.4)

1697.0 (714.9)

1723.5 (805.0)

−26.5 (−95.8 to .43
42.8)

Reference

N/A

High (1 or
more orders/week)

1592.4 (699.5)

1578.5 (725.1)

1562.3 (679.9)

1659.7 (859.9)

−118.9 (−191.9 .003c
to −45.9)

−92.4 (−193.1
to 8.2)

.07

Independent

1569.9 (672.6)

1579.4 (664.9)

1516.6 (661.9)

1601.3 (638.6)

−96.3 (−181.4
to −11.2)

Reference

N/A

Catholic

1708.6 (731.9)

1654.8 (773.2)

1738.2 (719.8)

1720.2 (905.8)

−33.4 (−97.5 to .28
30.8)

63.0 (−43.6 to
169.5)

.22

Student grade
N/Ab

Frequency of use

School sector

a

.03

Analysis adjusted for Socioeconomic Indexes for Areas, school sector, and clustering at the school and student levels.

b

N/A: not applicable; P values not applicable for reference values.

c

Italics indicate statistical significance (P<.01).

Process Measures
Change in Availability
At baseline, no intervention schools and 1 control school had
menus consistent with the NSW Strategy, and at follow-up, this
had changed to 1 intervention school and zero control schools.
The proportion of everyday, occasional, and caution menu items
was similar between intervention and control menus at both
baseline (489/858, 56.9% and 406/694, 58.5% everyday items;
138/858, 16.1% and 107/694, 15.4% occasional items; 231/858,
26.9% and 181/694, 26.1% caution items, respectively) and
follow-up (554/876, 63.2% and 424/703, 60.3% everyday items;
150/876, 17.1% and 121/703, 17.2% occasional items; 172/876,
19.6% and 158/703, 22.5% caution items, respectively).

Change in Pricing
There was no between-group difference throughout time in the
average price of everyday (P=.54), occasional (P=.92), or
caution (P=.66) items.

Intervention Acceptability
All intervention canteen managers who completed the interview
(7/9, 78%) were satisfied and would recommend the intervention
to other canteen managers. Almost all agreed that the
intervention strategies were acceptable (6/7, 86%; range 6/7,
86% to 7/7, 100%; Multimedia Appendix 1).

Additional Support Received
Of the 15 schools (7 intervention and 8 control schools) that
completed the interview, 71% (5/7) of intervention schools and
https://www.jmir.org/2021/9/e26054
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38% (3/8) of control schools reported using the Menu Check
Service during the 12-month intervention period. All
intervention schools (7/7, 100%) and 75% (6/8) of the control
schools reported receiving other menu support.

Fidelity Checks
Menu labeling was the basis for all automated strategies (ie,
positioning, provision of tailored feedback, and incentives). As
such, verifying that the labels were correctly applied indicated
that these other strategies were implemented as intended. The
proportions of correct labels across all 9 intervention schools
were 93.6% (673/719), 94.3% (666/706), 93.4% (657/703), and
95.3% (696/730) for each of the 4 fidelity checks. There were
initial issues with applying the healthy add-ons strategy,
whereby users were overcharged for add-ons when the chosen
menu item was ordered in multiples. This strategy was removed
from all intervention menus for items commonly ordered in
multiples (ie, chicken nuggets). In addition, this strategy caused
changes to the usual layout of the production lists that could be
used by managers to make up the orders. As a result, 3
intervention schools requested that the healthy add-ons strategy
be turned off, and 5 of 9 intervention canteen managers verified
that incentives were printed on lunch labels of orders with all
everyday items.

Data Quality
In 6 schools, the purchasing data from the provider
(Flexischools) was validated against observed data collected
from within the school canteen during school visits. There was
a 95.8% (767/800) agreement between the data sources.
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Discussion
Principal Findings
This trial investigated the effect of Click & Crunch on the
nutritional quality of students’ web-based lunch orders.
Intervention orders had significantly lower energy and saturated
fat content relative to controls, but there was no significant
difference in sugar or sodium content. Encouragingly, there was
no impact on canteen revenue, suggesting no adverse
intervention effect in this regard. Intervention schools had
significantly greater odds of having everyday items purchased
and lower odds of having occasional items purchased,
corresponding to a 9.8% increase in everyday items and a 7.7%
decrease in occasional items, respectively.
There was no significant difference in the odds of having caution
items purchased between groups throughout time. The fact that
all foods are classified into one of three categories means that
the significant increase in everyday foods must happen at the
cost of a decrease in other foods. In this case, the decrease is
split into a reduction in the other two categories. The point
estimates reflect this decrease, but only the reduction in
occasional foods was significant, given it is the more common
option, whereas the reduction in caution foods was not
significant, given that it is the rarer option and hence there is
less power to detect this effect.
Very few studies have tested the effect of delivering nudge
strategies via web-based food ordering systems. In a cluster
RCT conducted with 4th-7th grade students from a US school,
nudge strategies delivered via a web-based ordering system led
to a higher selection of fruit, vegetables, or low-fat milk in lunch
orders compared with controls receiving no nudge [31].
However, the study was conducted in a single school with only
a 2-week follow-up period. A nonrandomized trial of traffic
light nutrition labels applied to 53 products across five food
categories within a web-based supermarket found no difference
in sales in a 10-week period relative to the comparison store
[32]. However, a trial of web-based nudging by providing
default orders resulted in a higher purchase of whole grains,
fruits, and vegetables among 50 participants from New York
food pantries, relative to those receiving brief nutrition education
before ordering [33].
The patterns of results for this trial are similar to those of the
pilot trial, which found significant reductions in the average
energy, saturated fat, and sodium content of intervention lunch
orders, and an increase in the proportion of healthy items ordered
in the 2-month period immediately after the intervention
strategies were switched on [21]. However, the effect sizes in
the pilot (ie, −572 kJ between-group difference; 22% increase
in healthy purchases) were larger than in this trial.
Methodological differences between the pilot and this trial may
account for the apparent differences in effect sizes. Specifically,
the pilot trial was conducted for a much shorter period (2-month
vs 12-month follow-up) within government schools, using
different classifications (Fresh Tastes @ School) [22] and a
different labeling system (traffic light symbols). Nonetheless,
although modest, the effect on the primary outcomes may be
meaningful at the population level and should be considered in
https://www.jmir.org/2021/9/e26054
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light of the potential intervention reach. In NSW, 95% of
primary schoolchildren access a canteen, with 55% ordering at
least weekly and 4% ordering 3 to 5 times a week [34]. As such,
many students could potentially benefit from intervention if
disseminated broadly through the school system.
This study planned to include 26 schools. Although ethical
approval was eventually obtained for government school
participation, the differences in the time of exposure to the
intervention between the government and nongovernment
schools would have been too great to include in this 12-month
trial. As such, the final sample included only 17 schools,
reducing the precision of the detected effect estimates.
Nonetheless, the trial was still able to detect small differences
in primary trial outcomes as significant. In total, 14 schools did
not consent to participate and 12 were undecided. As the
principal was required to provide consent for this canteen-based
intervention, it is recommended that future studies evaluate
intervention acceptability with a range of stakeholders, including
school principals.

Limitations
Although the intervention and control schools were broadly
similar (no significance testing was conducted) [30], intervention
schools had higher enrolments and more lunch orders at
baseline. However, factors that are more closely related to the
healthiness of student orders (eg, proportion and price of healthy
foods available) were similar between groups. The research
team did not have any access to individual demographic
characteristics beyond student grade, and future research should
seek to collect more information regarding user
sociodemographic characteristics to allow an analysis of whether
the intervention was more effective in certain subgroups. No
data were collected from intervention end users regarding
intervention acceptability, and findings regarding canteen
manager acceptability were based on only 7 participants. The
delay in ethics approval meant that the intervention duration
varied from 8 to 10.5 months and that government schools were
excluded. Previous research demonstrated no differences
between government and nongovernment schools in terms of
awareness of or current use of web-based canteens [35].
However, there may be differences among school sectors in
terms of compliance with the NSW Strategy, which may affect
the relative healthiness of canteen menus (ie, the proportion of
caution foods vs everyday foods). Compliance with the strategy
may influence the ability of the intervention to have an effect,
in that a school compliant with the guidelines at baseline will
have less room to show an improvement (ie, a ceiling effect).
As such, future research with a larger sample of schools should
investigate whether there are differences in intervention
effectiveness among school sectors and investigate the
relationship with strategy compliance. Finally, our analysis is
based on purchasing data and not consumption data. However,
objectively recorded purchasing data can provide a reasonably
accurate estimate of diet quality [36,37].
The strengths of this trial include a rigorous clustered
randomized controlled design. The evaluation of the intervention
was based on purchasing data automatically collected by the
web-based system for more than 2200 students and verified
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through in-school observations. The nutritional information
extracted from the purchasing data was based on rigorous menu
assessment, independently verified by 2 dietitians, and based
on established nutrition databases. The 12-month follow-up is
also a study strength and addresses the limitations of previous
trials involving web-based school lunch ordering systems
[21,31,38].

Conclusions
The Click & Crunch intervention evaluated in this cluster RCT
used existing web-based canteen ordering systems to implement
choice architecture strategies to encourage healthier lunch orders
for primary school students. Given the evidence of its
effectiveness in decreasing the energy content of student lunch

Wyse et al
orders and increasing the purchase of everyday foods, its
acceptability among canteen managers, and its wide reach, this
intervention has the potential to influence dietary choices at a
population level. The intervention may be a useful addition to
the suite of strategies available to policymakers to improve child
diet, including supply-side interventions encouraging the
increased availability of healthier food options and interventions
in nonschool settings, including after-school activities, sporting
clubs, and the home. Additional research is required to determine
if the results are consistent across all school sectors and
sustained for a longer period and to determine intervention
cost-effectiveness before investigating intervention impact in
primary schools when implemented at scale.
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Abstract
Background: The COVID-19 outbreak has spurred increasing anti-Asian racism and xenophobia in the United States, which
might be detrimental to the psychological well-being of Asian people living in the United States.
Objective: We studied three discrimination-related variables, including (1) experience of discrimination, (2) worry about
discrimination, and (3) racism-related social media use during the COVID-19 pandemic among Asians in the United States. We
examined how these three variables were related to depression, and how the association between racism-related social media use
and depression was moderated by personal experience of and worry about racial discrimination.
Methods: A web-based, cross-sectional survey was conducted. A total of 209 people (mean age 33.69, SD 11.31 years; 96/209,
45.93% female) who identified themselves as Asian and resided in the United States were included in the study.
Results: Experience of discrimination (β=.33, P=.001) and racism-related social media use (β=.14, P=.045) were positively
associated with depressive symptoms. Worry about discrimination (β=.13, P=.14) was not associated with depression. Worry
about discrimination moderated the relationship between racism-related social media use and depression (β=–.25, P=.003) such
that a positive relationship was observed among those who had low and medium levels of worry.
Conclusions: The present study provided preliminary evidence that experience of discrimination during the COVID-19 pandemic
was a risk factor of depressive symptoms among Asian people in the United States. Meanwhile, racism-related social media use
was found to be negatively associated with the well-being of US Asians, and the relationship between social media use and
depression was significantly moderated by worry about discrimination. It is critical to develop accessible programs to help US
Asians cope with racial discrimination both in real lives and on social media during this unprecedented health crisis, especially
among those who have not been mentally prepared for such challenges.
(J Med Internet Res 2021;23(9):e29024) doi:10.2196/29024
KEYWORDS
racial discrimination; experience of discrimination; worry about discrimination; depression; social media use; COVID-19

Introduction
Since the COVID-19 outbreak, anti-Asian racism and
xenophobia has been spurred in the United States, and violent
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attacks against people who appear to be Asian have been
documented [1,2]. The growing discrimination against the Asian
community, combined with multifaceted pressures from the
COVID-19 crisis, can make Asian people more vulnerable to
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mental health problems. Recent work has provided insights into
the deteriorating impact of COVID-fueled discrimination on
Asians’ mental health conditions [3,4], but it leaves two
important gaps. First, Asians were more likely to use social
media for COVID-19–related information than other media
sources, thereby amplifying the possibility to encounter
discrimination-related news reports or personal narratives [5,6].
However, there has not been sufficient attention toward how
using social media to read, post, and talk about discrimination
and racism associated with COVID-19 would relate to Asians’
well-being. Second, worry emerges as a common emotional
response among these individuals after having directly
experienced discrimination and/or reading about personal stories
shared on social platforms. Worry could negatively influence
one’s mental health, depending on the levels of exposure to
racial discrimination. More empirical research is needed to fully
explore these contributing factors to mental health outcomes,
as Asian ethnic groups face lingering metal health consequences
from the COVID-19 pandemic.
In an attempt to empirically examine the psychological
consequences of racial discrimination associated with the
COVID-19 outbreak among Asian people in the United States,
we looked into three factors related to discrimination during
this period and examined their associations with depressive
symptoms among US Asians. These factors included: (1)
experience of discrimination, (2) worry about discrimination,
and (3) racism-related social media use during the COVID-19
outbreak. We also investigated whether the relationship between
social media use and depression was contingent upon one’s
experience of and worry about discrimination.
Racial discrimination is defined as a phenomenon wherein
people are unfairly treated or disadvantaged because of their
race or phenotypic difference [7]. This could occur in
interpersonal interactions, at the workplace, in education
settings, or in receiving services and justice [8]. In some worse
cases, racial discrimination could take forms of hate crimes or
physical attacks [9]. It is not a new phenomenon that the
outbreak of an infectious disease could trigger discrimination
against racial and ethnic minorities [10]. Several recent studies
have documented the salient evidence that Asians in the United
States have encountered increasing levels of racial
discrimination since the COVID-19 outbreak [11,12].
A huge amount of research has provided empirical evidence
that racial discrimination can have negative impacts on the
well-being of the stigmatized [13-15]. Racial discrimination
can likely damage well-being through the process where one
feels being rejected or excluded by the society and thus finds
it harder to take control of their lives [16]. The above-described
findings were also applicable to the Asian population in the
United States. [17-19]. Recent studies have found that racial
discrimination against Asian people is negatively associated
with psychological well-being among this group during the
COVID-19 outbreak [20,21]. One study found that direct
experiences of racial discrimination during this period were
associated with higher levels of anxiety and depressive
symptoms among Chinese American parents and youth [20].
Another study found that vicarious racism, defined as indirect
experiences of discrimination experienced by hearing about or
https://www.jmir.org/2021/9/e29024
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seeing racist acts against other members of one’s racial group,
was also associated with higher levels of depression and anxiety
among Asian Americans [21].
Current conceptualizations of racial discrimination vary across
literatures, but almost all attempt to measure it in a subjective
way, asking about the perception of racial discrimination in
cognitive, affective, and behavioral domains [22]. Some scholars
explain that it is because most incidents of discrimination are
subtle and hard to document [23]. Importantly, scholars have
pointed out the necessity to differentiate two related but distinct
constructs of perceived racial discrimination: one is the
perception of discrimination actually encountered by oneself
and the other is the general worry about the fact that oneself
could be a potential target of racial discrimination in the future
[24]. It is worthwhile to examine the two constructs’ unique
relationship with depression, as previous literature suggested
that the two might have different psychological implications.
Although experienced discrimination was consistently associated
with poor well-being [20,21], the role of worry seemed less
conclusive. Worry is a normal mental reaction to impending
events in our lives, and it only poses a threat when it becomes
persistent and less controllable [25,26]. Under some situations,
it can be instrumental by motivating people to cope, to conduct
more analytical thinking, and to take more goal-oriented actions
[27,28]. In the current study, we included both direct experience
of discrimination during the COVID-19 outbreak among our
study participants, as well as their worry about being
discriminated. Together, we proposed the following hypothesis
and research questions:
•

•

Hypothesis 1 (H1): Experience of discrimination would be
positively associated with depression among US Asians
during the COVID-19 outbreak.
Research question (RQ) 1: How would worry about
discrimination be associated with depression among US
Asians during the COVID-19 outbreak?

In addition to the experience of and worry about discrimination,
social media also plays a role in US Asians’ psychological
well-being during the COVID-19 pandemic [19]. During the
pandemic, racism-related content has become more visible on
social media. A study found a nearly 10-fold increase of tweets
containing “Chinese virus” or “China virus” in the week after
former US President Trump mentioned this term on March 16,
2020, compared to the tweets in the week prior [29]. The
sentiment analysis of these tweets suggested that the majority
contained negative emotions, such as fear, sadness, anger, and
disgust [29]. Another study also analyzed the sentiment of
race-related tweets before and following the emergence of
COVID-19 and found that the proportion of negative tweets
referencing Asians increased by 68.4% from November 2019
to March 2020 [30].
Social media use during this period can thus expose Asian users
to greater risk for mental health concerns. Incidental and
frequent encounter with racist posts on social media might make
racism-related information in memory particularly accessible,
leading to a perceived social reality where being Asian is unsafe
and devalued [31]. A study showed that social media exposure
to COVID-related information was associated with higher odds
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of anxiety and depression among the public in China during the
COVID-19 outbreak, after controlling for various demographic
factors [32]. The authors attributed the findings to
misinformation on social media and users’ risk perception of
contracting COVID-19. Although the interpretation is
reasonable, for US Asians, engagement with COVID-19–related
information on social media, which commonly included
anti-Asian sentiments [29,30], may trigger another layer of
fear—fear for becoming the target of discrimination or
victimization [33]. Nevertheless, to our knowledge, no research
has been conducted on how reading, posting, and talking about
COVID-19–related racism on social media would relate to US
Asians’ mental health. To bridge the gap, we proposed the
following hypothesis:
•

Hypothesis 2 (H2): Racism-related social media use would
be positively related to depression among US Asians during
the COVID-19 outbreak.

Finally, this study attempted to examine how the association
between racism-related social media use and depression would
be moderated by personal experience of and worry about
discrimination. As posited in cultivation theory [34,35], the
effect of media exposure on personal opinions and feelings
would be moderated by personal experiences. They further
proposed that the moderation effect could go in two different
directions, which were defined as the mainstream effect (ie,
people would be more influenced if they have limited
experiences of the media content) and the resonance effect (ie,
people would be more influenced if they have more experiences
of the media content).
The vulnerability-stress model also argues that the extent to
which a stressful event could trigger a mental disorder would
depend on an individual’s vulnerability, which could be
psychological, biological, or situational factors [36]. We
considered depression as the result of the interaction between
worry about discrimination and racism-related social media use.
As mentioned above, worry is an emotional reaction to future
uncertainties, which could play a positive role in
problem-solving in some situations [27,28]. In our case, worry
might buffer the influence of racism-related social media use
on depression by motivating people to solve the problem.
Meanwhile, it is also possible for worry to play a negative role
in such relationships if it does not direct people to take positive
actions. As the moderating roles of discrimination-related
experience and worry remained unclear, we proposed the
following two additional research questions:
•

RQ2: How would the experience of discrimination moderate
the relationship between social media use and depression
among US Asians during the COVID-19 outbreak?
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•

RQ3: How would worry about discrimination moderate the
relationship between social media use and depression among
US Asians during the COVID-19 outbreak?

Methods
Procedures
A web-based, cross-sectional survey approved by the
institutional review board was first created on Qualtrics and
then distributed to qualified participants via Amazon Mechanical
Turk (MTurk) in mid-May 2020. Eligible participants included
those belonging to Asian ethnic groups and residing in the
United States. The first page of the questionnaire was a consent
form providing the participants with brief background on the
study and information about anonymity, confidentiality, and
compensation. The rest of the pages asked questions about
demographic information, media usage, discrimination-related
experiences and perceptions during the COVID-19 outbreak,
and some psychological measurements. Attention checkers were
included to ensure data quality. The survey took an average of
15 minutes to complete.

Participants
We recruited 242 eligible participants who were Asians residing
in the United States, and a total of 209 participants were
included in this study after using a listwise deletion approach
(ie, those who answered “not sure” or “prefer not to answer” in
any questions were coded as having a missing value and were
excluded from the analyses). To determine if we achieved the
needed sample size for our regression analyses, an a priori
sample size calculator for multiple regressions was used. The
result showed that, with the anticipated medium effect size set
at 0.15, the statistical power level set at 0.80, and the
significance level set at P=.05, the minimum sample size
required for the current study was 131. Thus, we had reached
the sample size requirement in this study.
The participants were between the ages of 18 and 73 years (mean
33.69, SD 11.31 years). Among them, 96 (45.93%) were female
and 113 (54.07%) were male participants. Most participants
were either single (n=105, 50.24%) or married (n=97, 46.41%).
The majority of the participants had a bachelor’s degree (n=106,
50.72%), with the remaining holding a degree below (n=50,
23.92%) or above the bachelor’s level (n=53, 25.36%). About
half of the participants (n=97, 46.41%) has a full-time
employment. The income levels were relatively evenly
distributed among participants, but more than half of the
participants (n=115, 55.02%) reported that their income had
somehow been affected by the COVID-19 pandemic.
Meanwhile, most participants did not identify themselves as
Chinese (n=135, 64.59%). Table 1 presents demographic
information of the sample.
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Table 1. Descriptive analysis of the sample (N=209).
Variables

Respondents, n (%)

Age in years (range: 18-73 years)
≤30

92 (44.02)

>30

117 (55.98)

Gender
Male

113 (54.07)

Female

96 (45.93)

Marital status
Single

105 (50.24)

Married

97 (46.41)

Widowed

2 (0.96)

Divorced

5 (2.39)

Education
Less than high school degree

1 (0.48)

High school graduate

8 (3.83)

Some college but no degree

29 (13.88)

Associate degree

12 (5.74)

Bachelor’s degree

106 (50.72)

Master’s degree

39 (18.66)

Doctoral degree

14 (6.70)

Employment status
Employed, working 40 or more hours per week

97 (46.41)

Employed, working 1-39 hours per week

46 (22.01)

Not employed, looking for work

41 (19.62)

Not employed, not looking for work

21 (10.05)

Retired

4 (1.91)

Income (US $)
<10,000

15 (7.18)

10,000-19,999

12 (5.74)

20,000-29,999

12 (5.74)

30,000-39,999

13 (6.22)

40,000-49,999

18 (8.61)

50,000-59,999

18 (8.61)

60,000-69,999

11 (5.26)

70,000-79,999

19 (9.09)

80,000-89,999

15 (7.18)

90,000-99,999

17 (8.13)

100,000-149,999

37 (17.70)

≥150,000

22 (10.53)

Income affected
Yes

115 (55.02)

No

94 (44.98)

Chinese
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Variables

74 (35.41)

No

135 (64.59)

Experience of Discrimination
The 5-item Everyday Discrimination Scale [37] was adapted to
measure how often the respondents had experienced
discrimination since the COVID-19 outbreak. The scale ranged
from 1 (“never”) to 5 (“a lot”). The five items were as follows:
(1) “You are treated with less courtesy or respect than other
people”; (2) “You receive poorer service than other people”;
(3) “People will act as if they think you are dangerous”; (4)
“People act as if they are afraid of you”; (5) “You are threatened
or harassed.” The item “People act as if they think you are not
smart” from the original scale was changed as “People act as if
you are dangerous” to better indicate the common bias against
Asians during the COVID-19 pandemic. Cronbach α for this
scale was .94 (mean score 9.60, SD 4.78).

Worry About Discrimination
Participants were also asked to rate the extent to which they
worry about the listed things in Everyday Discrimination Scale
[37]. The items were changed to future tense since worry tends
to be an emotion related to things that may happen in the future.
Cronbach α for this scale was .96 (mean score 12.96, SD 5.91).

Racism-Related Social Media Use
We created a 4-item scale to measure the extent to which the
participants used social media to read, post, and talk about
racism-related information associated with COVID-19 since
the outbreak of the pandemic. The 4 items on this scale were
as follows: (1) “On social media, how much do you pay attention
to and read about racism related to COVID-19?” (2) “On social
media, how much do you post or repost information and news
about racism related to COVID-19?” (3) “On social media, how
much do you discuss racism related to COVID-19 with others
through commenting?” and (4) “On social media, how much
do you discuss racism related to COVID-19 with others through
private messaging?” A 7-point Likert scale, ranging from 1
(“not at all”) to 7 (“very much”), was used. Cronbach α for this
scale was .85 (mean score 12.76, SD 6.40).

Depression
A 10-item depression scale [38] was adopted to measure the
level of depression among US Asians. Respondents were asked
to rate how often they felt they “[C]ouldn’t shake off the blues
even with help from your family and your friends,” for example.
The scale ranged from 1 (“rarely or none of the time”) to 4
(“most or all of the time”). After performing confirmative factor
analysis, three reverse-coded items were removed (see details
below). Cronbach α for this 7-item scale was .88 (mean score
21.51, SD 5.97).

Control Variables
Respondents reported basic demographic information, including
age, gender, marital status, education level, employment status,
https://www.jmir.org/2021/9/e29024
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and income. In addition, self-identification as Chinese was also
considered as a control factor because of the close connection
between the COVID-19 outbreak and China. We also asked
respondents whether their family incomes had been affected
since the COVID-19 outbreak, as it has been documented as a
key stressor during the pandemic [39].

Data Analysis
To address the issues of measurement errors, we performed
confirmatory factor analysis in Mplus (version 7; Muthén &
Muthén) by considering experience of discrimination, worry
about discrimination, social media use, and depression as latent
variables. The initial model fit was mediocre, and 3
reverse-coded items of the depression scale had low loadings
(<0.40). After removing these 3 items, the measurement model
fit was acceptable (comparative fit index=0.92, Tucker–Lewis
index=0.91, root mean square error of approximation= 0.08).
We then used SPSS software (version 26.0; IBM Corp) to
perform a 3-step hierarchical regression analysis. The first model
included control variables. We dichotomized gender, marital
status, employment status, and self-identification as Chinese,
with those who were male, married, employed full-time, and
self-identified as Chinese being coded as “1,” and the other
categories coded as “0.” In the second model, the following 3
key independent variables were added: (1) experience of
discrimination, (2) worry about discrimination, and (3)
racism-related social media use. These variables were
mean-centered. In the third model, the two interaction terms
examining the moderating roles of experience of discrimination
and worry about discrimination were added. No collinearity
problems were identified after the mean-centering approach.
The significance level was set at P<.05.

Results
As shown in Table 2, all three regression models were
significant: model 1 (R2=0.11, F8,200= 3.07; P=.003), model 2
(R2=0.35, F11,197= 9.71; P<.001), and model 3 (R2=0.38, F13,195=
9.21; P<.001). Model 2 with three discrimination-related
variables significantly increased the explaining power for
depression (R2 change=0.24; F change=24.51; P<.001).
Experience of discrimination was positively associated with
depressive symptoms (β=.33, P=.001), supporting hypothesis
1. Racism-related social media use (β=.14, P=.045) was also
positively related to depression, supporting hypothesis 2. Worry
about discrimination (β=.13, P=.14) was not associated with
depression (RQ1).
To answer RQ2 and RQ3, we found the significant interactive
effect of social media use and worry about discrimination on
depression (β=–.25, P=.003). To visualize the moderation effect,
we used Process version 3.5 to conduct simple slope analysis
and produce the figure of the interaction. As depicted in Figure
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medium levels of worry, social media use was positively and
significantly related to depression (simple effect coefficient=0.29
for low worry, 95% CI 0.15-0.44; simple slope coefficient=0.11
for medium worry, 95% CI 0.0023-0.21). No significant
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relationship between social media use and depression was found
at a high level of worry.
In addition, female Asians were found to be more depressed
than male Asians (β=–.14, P=.02), and Chinese Asians were
less depressed than those Asians who were not Chinese (β=–.12,
P=.045).

Table 2. Ordinary least squares multiple regression analysis of depression scores as a function of discrimination-related variables and control variables
(N=209).
Variables

a

Model 1

Model 2

Model 3

β

P value

β

P value

β

P value

Age

–.18

.02

–.15

.029

–.13

.05

Gender (male)

–.12

.08

–.14

.020

–.14

.02

Marital status (married)

–.08

.29

–.10

.16

–.11

.12

Education

–.04

.62

–.06

.33

–.07

.27

Employed (full time)

.04

.62

.03

.61

.02

.72

Income

–.06

.45

–.04

.52

–.06

.37

Income affected (yes)

.12

.07

.07

.28

.06

.31

Chinese

.00

.99

–.11

.06

–.12

.045

Experience of discrimination

N/Aa

N/A

.34

<.001

.33

.001

Worry about discrimination

N/A

N/A

.07

.40

.13

.14

Social media use

N/A

N/A

.18

.012

.14

.045

SMb×Experiencec

N/A

N/A

N/A

N/A

.16

.10

SM×Worryd

N/A

N/A

N/A

N/A

–.25

.003

N/A: not applicable.

b

SM: racism-related social media use.

c

Experience: experience of discrimination.

d

Worry: worry about discrimination.

Figure 1. Interactive plot showing predicted values of depression as the function of racism-related social media use and worry about discrimination.
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Discussion
Principal Findings
The present study provides preliminary evidence that experience
of discrimination during the COVID-19 pandemic is a risk factor
for depressive symptoms among Asians in the United States.
Meanwhile, racism-related social media use was also found to
be negatively related to the well-being of US Asians, and the
relationship between social media use and depression was
moderated by worry about discrimination, such that social media
use was associated with greater depression among those who
were less worried about discrimination.
Drawing on survey data from 209 Asians residing in the United
States, the study presents the findings consistent with earlier
research [20,21] showing that experience of racial discrimination
induced by the COVID-19 pandemic was negatively related to
the well-being among Asian people. Effective interventions
should be designed to provide timely assistance to Asians who
have experienced discrimination during the pandemic to prevent
them from developing further depressive symptoms. One
limitation of the current study is the use of an existing
measurement of experienced racial discrimination, which may
fail to capture the specific experiences of racial discrimination
associated with the COVID-19 pandemic. Further research could
focus on understanding the unique elements of racial
discrimination in the COVID-19 context so that more accurate
conclusions could be made.
Using social media to read, post, and talk about racism was also
found to be associated with higher depression. It is noteworthy
that the relationship was significant when controlling for direct
experience of discrimination (albeit with a smaller effect size
than direct experience). Given how fast-growing and visible
anti-Asian sentiments have been on social media during the
pandemic [29,30], and that Asians were more likely to use social
media than other media sources to obtain COVID-19–related
information [5,6], our finding deserves serious attention. It is
also worth mentioning that our social media use scale includes
a variety of social media activities (eg, reading, posting,
commenting, private messaging) through which individuals
may be exposed to and engage with racism-related information.
Relative to single-item questions asking about participants’
social media use in one particular way, such as exposure to or
consumption of a certain type of information [32,40], our scale
has the strength of more comprehensively capturing multiple
ways of social media use during the pandemic.
Worry about discrimination was not directly associated with
depression in the present study. When worry about
discrimination was considered alongside the actual experience
of discrimination, it was the actual experience that was
detrimental. As shown in previous literature, the benefits and
detriments of worry may have cancelled out each other, leading
to a nonsignificant direct association [25-28]. It may be
worthwhile for future research to explore possible moderators
of this relationship, such as coping styles and social
support-seeking behaviors, to better understand the implications
of this type of worry for mental health.
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Although worry was not a significant independent variable, it
was a significant moderator for the relationship between social
media use and depression. Specifically, among Asians with low
and medium levels of worry about discrimination, social media
use was related to higher levels of depression. A possible
explanation for our finding might be that Asians with low to
medium worry were less prepared for anti-Asian discrimination.
Thus, they felt more overwhelmed and depressed when exposed
to greater amount of racism-related information on social media.
Future research should explore in detail how US Asians with
low and high worry cope with racial discrimination in different
ways that may buffer or exacerbate the influence of social media
use on depression. Meanwhile, it is also worthwhile to explore
more factors that might moderate the relationship between social
media use and depression, such as coping strategies, perceived
social support, and so forth.
In terms of demographic factors considered in our regression
model, we found that female Asians were more depressed than
male Asians, which is consistent with findings of previous
studies [41,42]. Surprisingly, Chinese Asians were found to be
less depressed than Asians who were not Chinese. Although
Asians are normally being treated as one single ethnic group in
the United States, research does indicate that there might be
differences in the mental health mechanisms among various
Asian ethnicities. For example, it was indicated that Chinese
Americans had lower prevalence of depression than Korean and
Vietnamese Americans [43]. Further study is needed to identify
how the mental health conditions of different Asian groups have
been impacted by the COVID-19 pandemic.

Limitations and Conclusions
The study has some limitations. The first is that the research
model was not evaluated with a random sample. Therefore,
readers are advised to take caution when generalizing the results
to the overall Asian population in the United States or Asian
groups in another country. Another limitation is that the
cross-sectional study does not allow for drawing causal
conclusions, and thus the findings should be interpreted as
correlations rather than as having a cause-and-effect relationship.
Despite all these limitations, the present study extends the
current literature on rising anti-Asian discrimination and
associated mental health outcomes in several ways. First, we
differentiated the actual experience of discrimination and worry
about discrimination and revealed their unique relationship with
depression among US Asians in the context of the COVID-19
pandemic. Another theoretical contribution is providing
important insights into the specific role of racism-related social
media use in mental health among a minority group. Importantly,
the results suggest that US Asians with higher versus lower
levels of worry face different degrees of susceptibility to the
negative influences of racism-related social media use on mental
health.
From a practical perspective, immediate and effective
interventions should be implemented to decrease racist and
discriminatory behaviors against US Asians, as direct experience
of discrimination was found to be a robust risk factor for
depression among this group, after controlling for various
demographic variables. It is also critical to develop accessible
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programs to help US Asians cope with racial discrimination
both in real lives and on social media during this unprecedented
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health crisis, especially among those who have not been
mentally prepared for such challenges.
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Abstract
Background: In general, early intervention in disease based on early diagnosis is considered to be very important for improving
health outcomes. However, there is still insufficient evidence regarding how medical care that is based on the early diagnosis of
confirmed cases can affect the outcome of COVID-19 treatment.
Objective: We aimed to investigate the effect of the duration from the onset of clinical symptoms to confirmation of COVID-19
on the duration from the onset of symptoms to the resolution of COVID-19 (release from quarantine).
Methods: For preliminary data collection, we performed data crawling to extract data from social networks, blogs, and official
websites operated by local governments. We collected data from the 4002 confirmed cases in 33 cities reported up to May 31,
2020, for whom sex and age information could be verified. Subsequently, 2494 patients with unclear symptom onset dates and
1349 patients who had not been released or had no data about their release dates were excluded. Thus, 159 patients were finally
included in this study. To investigate whether rapid confirmation reduces the prevalence period, we divided the duration from
symptom onset to confirmation into quartiles of ≤1, ≤3, ≤6, and ≥7 days, respectively. We investigated the duration from symptom
onset to release and that from confirmation to release according to these quartiles. Furthermore, we performed multiple regression
analysis to investigate the effects of rapid confirmation after symptom onset on the treatment period, duration of prevalence, and
duration until release from isolation.
Results: We performed multiple regression analysis to investigate the association between rapid confirmation after symptom
onset and the total prevalence period (faster release from isolation). The time from symptom onset to confirmation showed a
negative association with the time from confirmation to release (t1=−3.58; P<.001) and a positive association with the time from
symptom onset to release (t1=5.86; P<.001); these associations were statistically significant.
Conclusions: The duration from COVID-19 symptom onset to confirmation date is an important variable for predicting disease
prevalence, and these results support the hypothesis that a short duration of symptom onset to confirmation can reduce the time
from symptom onset to release.
(J Med Internet Res 2021;23(9):e29576) doi:10.2196/29576
KEYWORDS
COVID-19; SARS-CoV-2; symptoms onset; duration of prevalence; confirmation; South Korea; data crawling; social media;
Internet; dataset; symptom; duration; outcome; diagnosis; prevalence
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Introduction
The COVID-19 Outbreak
COVID-19 was first reported on December 31, 2019, in cases
of pneumonia with an unknown etiology in Wuhan, China [1];
the disease subsequently spread to neighboring countries,
including South Korea and Japan [2]. On March 11, 2020, the
World Health Organization (WHO) reported a total of 118,000
confirmed cases and approximately 4000 deaths due to
COVID-19 in 114 countries. On the afternoon of the same day,
the WHO formally declared COVID-19 to be a global pandemic
[3]. The first confirmed case in South Korea, a Chinese woman
in her 30s, was reported on January 20, 2020, followed by
another confirmed case, a 55-year-old man who had visited
Wuhan, China. Subsequently, COVID-19 appeared to be stably
controlled for almost a month; however, the number of cases
increased explosively after February 20, whereby South Korea
became the second country after China to experience the
beginning of an epidemic. Subsequently, on February 29, the
daily incidence of confirmed cases peaked at 900 and has since
been following a downward trend. As of November 30, 2020,
a total of 64 million cumulative confirmed cases of COVID-19
had been reported worldwide [4].

Treatment and Management of Confirmed COVID-19
Cases in South Korea
The WHO defines a confirmed case of COVID-19 as a person
with a laboratory-confirmed COVID-19 infection, regardless
of clinical signs and symptoms [5]. The symptoms mainly
include fever, cough, shortness of breath, and breathing
difficulties [6], although more than 15% of cases are
asymptomatic [7]. In South Korea, individuals who have entered
the country or have been in close contact with a confirmed
COVID-19 case must undergo a test for COVID-19. The rapid
antigen test is an efficient tool for rapid confirmation of
SARS-CoV-2 infection, although it is not used as an official
tool for confirmatory diagnosis in view of the capacity of
laboratories to conduct the requisite number of tests and
considering the number of confirmed and suspected cases. In
the early stages of the COVID-19 epidemic, confirmatory testing
involved two stages: pan-coronavirus and base sequencing
analysis. However, the real-time polymerase chain reaction
(RT-PCR) has subsequently been used for basic confirmation
[8]. Individuals who are suspected of having COVID-19 based
on the clinical presentation of symptoms or close contact with
a confirmed patient with COVID-19 are diagnosed based on
test results from two clinical samples, one each from the upper
and lower respiratory tract [8,9]. RT-PCR requires at least 24
hours for the results to become available, and everyone who is
tested is quarantined until the final diagnosis is determined.
The treatment strategies for COVID-19 can generally be divided
into supportive care, respiratory support, symptomatic treatment,
nutritional support, and psychological intervention [10].
Moreover, antibiotics can be administered to prevent secondary
infections [11]. Furthermore, remdesivir is prescribed as an
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antiviral treatment for SARS-CoV-2, although its effectiveness
is debated [12,13]. In South Korea, patients are classified
according to disease severity, and patients with high severity
are treated in hospitals dedicated to infectious diseases and at
national inpatient treatment centers. Patients who are classified
as having mild symptoms or those who do not require inpatient
treatment due to improvement in clinical symptoms may be
admitted to residential treatment centers. In these facilities, the
medical staff monitors patients at least twice per day.
COVID-19 is highly contagious, therefore, confirmed patients
must avoid contact with other people and should immediately
be placed in quarantine [14-16]. In general, early intervention
based on early diagnosis of the disease is considered to be very
important for improving health outcomes [17-19]. However,
most of the studies on COVID-19 conducted to date have
focused on preventing the spread of the disease by quickly
identifying confirmed patients and minimizing their contact
with other people [15,20]. In contrast, there is very little
evidence of how medical care that is based on the early diagnosis
of confirmed cases of COVID-19 can affect the treatment
outcomes. Accordingly, we aimed to investigate the effects of
the duration from the onset of clinical symptoms to confirmation
on the duration from the onset of clinical symptoms to the
resolution of COVID-19 (release from quarantine).

Methods
Data Collection
South Korea comprises 228 si (cities), gun (counties), and gu
(districts), with 17 metropolitan city and province levels,
including Seoul, its capital. All local governments disclose basic
information on official websites about confirmed cases. Almost
all Korean local governments have provided anonymized public
information regarding confirmed COVID-19 cases, such as
symptom date, release date, and age, up to the first half of 2020.
We performed web crawling using Python’s Selenium module
and additionally used the Beautiful Soup and Pandas libraries
to collect data. In the early stage of the pandemic, the local
government deidentified the information of the confirmed
persons with COVID-19 and disclosed their movements, region,
and age. At this time, many people connected to the local
government homepages to check these data, and the server was
overloaded. Accordingly, many local governments provided
information to their official social networks and blogs to
distribute data traffic and improve access to information.
Therefore, we only collected information on local government
official websites, social networks, and blogs, and we did not
use information from other sites that are not guaranteed to be
reliable. For preliminary data collection, we performed data
crawling to extract data from social networks, blogs, and official
websites operated by local governments. Second, the data were
manually reviewed and revised. Data obtained in this manner
underwent a final review and revision process that included the
use of various check codes to complete the final data set. Data
were extracted and reviewed from June 1-7, 2020 (Figure 1).
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Figure 1. Flowchart of the data extraction process.

Study Design and Participants
We collected data from the 4002 confirmed cases from 33 cities
reported up to May 31, 2020, for whom sex and age information
could be verified. Subsequently, 2494 patients with an unclear
symptom onset date and 1349 patients who had not been
released or had no data about their release date were excluded.
Thus, 159 patients were finally included in this study.
A confirmed case of COVID-19 was defined based on a
confirmed diagnosis from positive RT-PCR results on 2 or more
clinical specimens, regardless of clinical signs and symptoms
[21]. For a patient to be released from isolation, at least 7 days
must pass from the day of confirmation; the patient must be
afebrile without the administration of any antipyretic agents;
and the clinical symptoms must show an improving trend. In
addition, the patient must test negative on 2 consecutive PCR
tests, each conducted at least 24 hours apart [22].

Statistical Analysis
We performed descriptive analysis of the mean, minimum, and
maximum values for the durations from symptom onset to
release, symptom onset to confirmation, and confirmation to
release according to the sex and age of the patients. To
investigate whether rapid confirmation reduces the prevalence
period, we divided the period from symptom onset to
confirmation into quartiles, 1Q, 2Q, 3Q, and 4Q, of ≤1, ≤3, ≤6,
and ≥7 days, respectively. We investigated the durations from
symptom onset to release and confirmation to release according
to these quartiles. Furthermore, we performed multiple
regression analysis to investigate the effects of rapid
confirmation after symptom onset on the treatment period,
duration of prevalence, and duration until release from isolation.
To measure the predictive power of duration from symptom
onset to release, we used logistic regression (LR) after setting
the duration from symptom onset to release and other variables
(age, sex, and symptom onset to confirmation) as the dependent
https://www.jmir.org/2021/9/e29576
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and independent variables, respectively. We transformed the
number of days from symptoms to release into tertiles (T1, T2,
and T3). Two scenarios were evaluated: (1) the classification
of early symptom onset to release after setting T1 and T2-T3
as 1 and 0 coding, respectively, and (2) the classification of late
symptom onset to release after setting T3 and T1-T2 as 1 and
0 coding, respectively. We randomly divided the data into
training and test sets by ratios of 70% and 30%, respectively.
We determined two lists of variables with the following
combinations: (1) age + sex and (2) age + sex + duration from
symptom onset to confirmation. We constructed an LR model
using a training set to predict early or late symptom onset to
release. Thereafter, we measured the predictive performance of
early or late symptom onset to release in the test sets. With 100
iterations of the random division of training and test sets, we
measured the average performance of the classification for early
or late symptom onset to release. For the 2-tailed t tests, we
considered a P value <.05 to be statistically significant.

Ethical Approval
This study was conducted in accordance with the Declaration
of Helsinki, and all of the materials used in the article were
publicly available data. Moreover, all of those data are
nonidentifying data, and they are available for use by anyone.

Results
The study population (N=159) included 67 men (42.1%) and
92 women (57.9%), whereas the age groups appeared in the
following order: 40-59 years (n=71, 44.7%), 20-39 years (n=59,
37.1%), ≥60 years (n=21, 13.2%), and 0-19 years (n=8, 5.0%).
The mean duration from symptom onset to confirmation was
6.1 days, and the mean duration from confirmation to release
was 25.3 days. The mean duration from symptom onset to
confirmation was shorter among females (5.6 days) than among
males (6.7 days), whereas the mean duration from confirmation
to release was similar for males (25.4 days) and females (25.2
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days). The mean duration from symptom onset to release was
32.1 and 30.8 days among male and female patients,
respectively. With regard to age, the mean duration from
symptom onset to confirmation was longest in the 0-19 years
group (7.9 days), followed by the 40-59 years (7.3 days), 20-39
years (5.0 days), and ≥60 years (4.3 days) groups. The mean
duration from confirmation to release was longest in the ≥60
years group (27.8 days), whereas the mean duration from
symptom onset to release was longest in the 40-59 years group
(33 days; Table 1).
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Both the duration from confirmation to release and the duration
from symptom onset to release were investigated by quartiles
of duration from symptom onset to confirmation, and 4Q, 3Q,
2Q, and 1Q were ≥7 days, 4-6 days, 2-3 days, and 1 day,
respectively. The duration of symptom onset to release was
shortest, at 28.5 days, when the duration of symptom onset to
confirmation was 1Q (≤1 day); this was followed sequentially
by 2Q, 3Q, and 4Q, with 28.9, 31.6, and 36.5 days, respectively.
The results indicated that the prevalence increased with
increasing duration of symptom onset to confirmation (Figure
2).

Table 1. Characteristics of confirmed COVID-19 cases (N=159) and their durations from symptom onset to confirmation, confirmation to release, and
symptom onset to release.
Characteristic

Dependent variable

Independent variables

Duration of symptom onset to
confirmation

Duration of confirmation to release

Duration of symptom onset to
release

Mean (SD)

Range

Mean (SD)

Range

Mean (SD)

Range

N/A

6.1 (8.9)

−1 to 48

25.3 (12.0)

4 to 72

31.4 (12.8)

7 to 73

67 (42.1)

6.7 (10.4)

−1 to 48

25.4 (12.7)

7 to 72

32.1 (13.4)

11 to 73

92 (57.9)

5.6 (7.6)

0 to 47

25.2 (11.6)

4 to 69

30.8 (12.4)

7 to 70

0-19

8 (5.0)

7.9 (11.0)

−1 to 33

22.3 (12.9)

12 to 44

30.1 (15.7)

14 to 54

20-39

59 (37.1)

5.0 (6.6)

0 to 48

24.4 (12.1)

4 to 69

29.4 (13.3)

7 to 70

40-59

71 (44.7)

7.3 (11.0)

0 to 47

25.7 (11.7)

7 to 72

33 (11.9)

14 to 73

≥60

21 (13.2)

4.3 (3.6)

0 to 12

27.8 (12.9)

6 to 54

32.1 (13.6)

9 to 60

Total sample

Value, n (%)

a

Sex
Male
Female
Age (years)

a

b

N/A: not applicable.

b

Mean 42 years (SD 14.7), range 1 to 81.

Figure 2. The duration from the confirmation date to release (C2R) and from the symptom onset to release (S2R) according to the quartile of the
duration from symptom onset to confirmation (S2C) quartile. 1Q: ~1 day (mean age: 42.5 years), 2Q: 2–3 days (mean age: 43.8 years), 3Q: 4-6 days
(mean age: 39.5 years), and 4Q: ≥7 days (mean age: 42.6 years). 1Q: first quartile; 2Q: second quartile; 3Q: third quartile; 4Q; fourth quartile; C2R:
duration from confirmation date to release; S2C: duration from symptom onset to confirmation; S2R: duration from symptom onset to release.

We performed multiple regression analysis to investigate the
association between rapid confirmation after symptom onset
and the total prevalence period (faster release from isolation).
Sex and age did not show a significant association with the
duration from confirmation to release or the duration from
symptom onset to release. However, the duration from symptom
onset to confirmation showed a negative association with the
duration from confirmation to release (t1=−3.58; P<.001) and
https://www.jmir.org/2021/9/e29576
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a positive association with the duration from symptom onset to
release (t1=5.86; P<.001); these associations were statistically
significant (Table 2).
We measured the informative power of the duration from
symptom onset to confirmation to predict early or late symptom
onset to release. We found that the duration from symptom
onset to confirmation resulted in improved performance for
both models (P<.001 for both the early and late symptom onset
J Med Internet Res 2021 | vol. 23 | iss. 9 | e29576 | p.1473
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to release models) compared to the model that used age and sex

as input features (Figure 3).

Table 2. Association between the durations from symptom onset to confirmation, confirmation to release, and symptom onset to release based on the
results of multiple regression analysis.
Duration from confirmation to releasea

Duration from symptom onset to releaseb

T (df)

P value

T (df)

P value

−0.55 (1)

.58

−0.55 (1)

.58

≥60 (reference) versus 40-59

0.30 (1)

.76

0.30 (1)

.76

≥60 versus 20-39

0.83 (1)

.41

0.83 (1)

.41

≥60 versus 0-19

0.94 (1)

.34

0.94 (1)

.34

Duration of symptom onset to confirmation (days)

−3.58 (1)

<.001

5.86 (1)

<.001

F

2.99

.01

7.66

<.001

Characteristics and categories

Sex
Male (reference) versus female
Age (years)

a 2

R =0.089; adjusted R2=0.059.

b 2

R =0.200; adjusted R2=0.174.

Figure 3. Predictive power determined through logistic regression after setting S2C and other variables (age, sex, and S2C). The analysis comprises
100 iterations by the random division of training and test data sets. AUC: area under the curve; S2C; duration from symptom onset to confirmation;
S2R: duration from symptom onset to release.

Discussion

knowledge about pneumonia and complications and is not rooted
in actual COVID-19 data.

Principal Findings

Through linear regression analysis, we verified that the duration
from symptom onset to confirmation is a factor that influences
the duration from symptom onset to release. In addition, we
used LR to test the predictors of duration from symptom onset
to release, and we found that the inclusion of the duration from
symptom onset to confirmation as a variable in the model
significantly increased the predictive power. Therefore, the
duration from symptom onset to confirmation is an important
variable for predicting prevalence, and these results support the
hypothesis that a short duration from symptom onset to
confirmation can reduce the duration from symptom onset to
release. Consequently, this study demonstrated that rapid
diagnosis leads to faster release from isolation. If COVID-19
could be diagnosed early, the symptoms and progression of the

Rapid diagnosis of confirmed cases enables prompt infection
control and environmental decontamination of patients with
suspected infection and places, such as environmental
decontamination of related places and the management of close
contacts [9]. Most of the studies published to date have tended
to approach the early detection of COVID-19 from the
perspective of prevention of the infection and spread of the
disease [23]. Reducing the time to isolation through rapid
diagnosis has been proven to help prevent the spread of
SARS-CoV-2 infection [15,21,23]. In this context, studies
published to date have claimed that early detection of COVID-19
is important because it can lower the mortality rate [24,25].
However, this claim is an inference based on general medical
https://www.jmir.org/2021/9/e29576
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disease could be controlled with only simple treatment, and the
reduced number of patients with severe disease could result in
stable availability of hospital beds [20]. In the current
COVID-19 pandemic, confirmed COVID-19 patients in many
countries are not receiving proper treatment because of a
shortage of medical resources; thus, efficient use of limited
medical resources is extremely important. Under such
circumstances, treating patients and releasing them from
isolation as quickly as possible is one of the most important
strategies for infectious disease control. Clinically, shortening
the treatment period could be one of the best methods to improve
the personal safety and quality of life of patients as well as the
safety of medical staff and to reduce the workload of medical
staff.
Any person with symptoms or suspicion of SARS-CoV-2
infection should be tested immediately, and intervention must
take place as soon as possible upon confirmation. Delays in the
confirmation of COVID-19 increase the social burden of the
spread of this infectious disease but also contribute to the clinical
burden of an increase in the prevalence period. The results of
the regression analysis in this study showed that sex and age
were unassociated with the prevalence and isolation periods of
patients with COVID-19. These findings are not consistent with
a previous study which reported that the prognosis of COVID-19
is influenced by age [10]. An earlier study focused on the
qualitative aspect of patients’ health or medical condition after
treatment or release from isolation [10], whereas this study
investigated the prevalence period. Therefore, a direct
comparison is difficult because of the differences in the level
of variables. The COVID-19-related mortality rate is higher
among the older population [5,26]; therefore, rapid diagnosis
is important for older persons. The older population has a high
likelihood of having underlying diseases and onset of
complications, whereas the risk of disease progression to severe
conditions is also higher. Thus, higher mortality is to be
expected and, therefore, early intervention through rapid
confirmation is expected to reduce the mortality rate [27].
Consequently, considering the results of this and previous

Park et al
studies, rapid confirmation could shorten the prevalence period,
lead to better prognosis, and reduce the mortality rate. Along
with the advancement in the diagnosis of COVID-19, such as
nucleic acid tests, among which the PCR method is considered
as the “gold standard” for detection of the virus, rapid
confirmation is very important to not only prevent the spread
of disease but also enable better patient care.
This study has some limitations. First, we could not distinguish
between severely and mildly ill patients, and it is possible that
the prevalence period may differ between these two groups.
Second, the study only considered a quantitative variable of
duration of symptom onset to release, instead of clinical
outcomes such as complications and posttreatment prognosis.
Third, a sufficiently large sample size could not be obtained.
Fourth, because we only used crawled data available on the
web, other factors besides the duration from symptom onset to
confirmation that could affect the duration from symptom onset
to release could have resulted in uncorrected bias in the results
of the study. Nonetheless, in this study, we obtained information
on the confirmed diagnosis date for every patient, although
many cases did not have a symptom onset date. This was due
to the fact that many patients could not accurately remember
their symptom onset date. To overcome these challenges, efforts
to secure a record on the date of symptom onset in the clinical
field are necessary, and additional studies should be conducted
that consider disease severity and treatment.

Conclusion
The duration from symptom onset to the date of confirmation
of a disease is an important variable for predicting prevalence,
and our results support the hypothesis that a short duration from
symptom onset to confirmation of COVID-19 can reduce the
duration from symptom onset to release. Consequently, this
study demonstrated that rapid diagnosis leads to faster release
from isolation.

Data Availability
To obtain the processed data, please contact the authors to
request the data.
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Abstract
Background: The control of vaccine hesitancy and the promotion of vaccination are key protective measures against COVID-19.
Objective: This study assesses the prevalence of vaccine hesitancy and the vaccination rate and examines the association between
factors of the health belief model (HBM) and vaccination.
Methods: A convenience sample of 2531 valid participants from 31 provinces and autonomous regions of mainland China were
enrolled in this online survey study from January 1 to 24, 2021. Multivariable logistic regression was used to identify the
associations of the vaccination rate and HBM factors with the prevalence of vaccine hesitancy after other covariates were
controlled.
Results: The prevalence of vaccine hesitancy was 44.3% (95% CI 42.3%-46.2%), and the vaccination rate was 10.4%
(9.2%-11.6%). The factors that directly promoted vaccination behavior were a lack of vaccine hesitancy (odds ratio [OR] 7.75,
95% CI 5.03-11.93), agreement with recommendations from friends or family for vaccination (OR 3.11, 95% CI 1.75-5.52), and
absence of perceived barriers to COVID-19 vaccination (OR 0.51, 95% CI 0.35-0.75). The factors that were directly associated
with a higher vaccine hesitancy rate were a high level of perceived barriers (OR 1.63, 95% CI 1.36-1.95) and perceived benefits
(OR 0.51, 95% CI 0.32-0.79). A mediating effect of self-efficacy, influenced by perceived barriers (standardized structure
coefficient [SSC]=−0.71, P<.001), perceived benefits (SSC=0.58, P<.001), agreement with recommendations from authorities
(SSC=0.27, P<.001), and agreement with recommendations from friends or family (SSC=0.31, P<.001), was negatively associated
with vaccination (SSC=−0.45, P<.001) via vaccine hesitancy (SSC=−0.32, P<.001).
Conclusions: It may be possible to increase the vaccination rate by reducing vaccine hesitancy and perceived barriers to
vaccination and by encouraging volunteers to advocate for vaccination to their friends and family members. It is also important
to reduce vaccine hesitancy by enhancing self-efficacy for vaccination, due to its crucial mediating function.
(J Med Internet Res 2021;23(9):e29329) doi:10.2196/29329
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COVID-19 pandemic; vaccination behavior; vaccine hesitancy; health belief model
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Introduction
COVID-19 has spread worldwide, causing more than 88 million
infections and more than 1.9 million deaths as of January 2021
[1]. Due to the lack of effective treatments, the development
and use of a new COVID-19 vaccine has become an important
strategy to control the epidemic. Since COVID-19 broke out,
according to the World Health Organization (WHO), 60 new
coronavirus-inactivated vaccines and more than 10 nucleic acid
vaccines, vector vaccines, and protein subunit vaccines have
been developed [2]. Vaccination is recognized as the most
successful and cost-effective public health intervention in the
world today, and it has made a very large contribution to
improving global health by reducing the incidence and deaths
of many infectious diseases [3,4]. China and the whole world
are experiencing the third wave of epidemics, so it is especially
important to establish herd immunity by vaccinating against
COVID-19 [5].
On December 30, 2020, the first homegrown COVID-19 vaccine
in China was approved for marketing by the China National
Medical Products Administration, and open volunteer
vaccination to the public was announced through official media.
On January 9, 2021, the National Health Commission promised
free vaccinations for the Chinese population [6]. As of February
2021, the COVID-19 vaccine in China is suitable for people
aged 18 to 59 years; the COVID-19 vaccine is not suitable for
pregnant women, lactating women, and people with the
following conditions: acute stages of fever, infections and other
diseases, immune deficiency or immune disorders, serious liver
and kidney diseases, hypertension, diabetic complications, and
malignant tumors with uncontrolled drugs [7]. As of February
2021, common adverse reactions to vaccines in China mainly
include headache, fever, local redness or lumps at the inoculation
site, and cough, as well as loss of appetite, vomiting, and
diarrhea in some people [8]. In first month of COVID-19
vaccinations, up to January 26, 2021, 22.8 million doses of the
COVID-19 vaccine were administered in China, and less than
5% of the vaccine-eligible population among them, the main
group, was at high risk of infection in all regions [9].
Considering the occupational exposure risk of COVID-19
infection, some populations with priority for vaccination were
those with occupations at border ports, in key places such as
international and domestic transportation, and in key industries
such as medical and health care as well as basic social operation
services. These populations are mass vaccinated on the basis of
individual willingness [6]. According to the director of the
National Health Commission, National Bureau of Disease
Control and Prevention, all residents could be vaccinated in an
orderly manner where there is an ample supply of vaccine and
where vaccination units are health service centers, township
health centers, or general hospitals located in their respective
jurisdictions. Local governments have been required to make
public in a timely manner the vaccination sites and units that
can administer vaccines in their respective jurisdictions,
including their locations and service hours [8]. From the
beginning of 2020 to February 2021, the State Council
Information Office has held regular press conferences to invite
experts from relevant departments to brief the population on
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the joint prevention and control of COVID-19 [10]. Not only
have the daily numbers of new cases, close contacts, patients
who recovered, and patients who died been announced, but the
latest number of vaccinated people as well as side effects and
psychological changes following vaccination have also been
announced. In addition to communications at the national level,
provinces, municipalities, and autonomous regions released the
latest information about the epidemic through various channels,
such as press conferences or short videos, specific to their own
situations, to ensure mastery and understanding of information
regarding the epidemic and vaccines [11,12]. As of May 2021,
6 months after countries had begun carrying out vaccinations,
the global number of COVID-19 vaccinations has exceeded 1.5
billion doses. Among them, nearly 60% are concentrated in
China (420 million doses), the United States (270 million doses),
and India (180 million doses). Except for a few countries with
a vaccination rate exceeding 50% (eg, Israel), most countries
in the world have a vaccination rate below 20% [13]. According
to a recent study, predicted vaccine coverage of 55% to 82% of
the population is needed to achieve COVID-19 herd immunity
[5]. In addition to the supply of vaccines, individuals’
psychological mechanisms of vaccine behavior are particularly
critical to vaccination [14]. Therefore, it is of great significance
to explore the possible influencing factors of individuals’
vaccination willingness when vaccination rates are low in order
to improve COVID-19 vaccination willingness and coverage
in China and other parts of the world.
Although vaccines are currently an effective means of improving
global health, in many parts of the world there are still quite a
few people who question the necessity of vaccination, postpone
vaccination, or even refuse vaccination; this is especially true
when vaccines first came to market and were met with
considerable hesitation and even outright opposition [15]. In
2012, the WHO established the Strategic Advisory Group of
Experts (SAGE) working group to address and define vaccine
hesitancy and its scope [16]. Vaccination hesitancy was defined
as the refusal or delay of vaccination when vaccination services
were available [17], and vaccination hesitancy was listed among
the 10 threats to global health in 2019 [18]. Vaccine hesitancy
is reflected in many factors, including confidence in the efficacy
and safety of the vaccine and in the health service system
providing the vaccine, such as the reliability and competence
of the health service system and the professionals involved in
the vaccination service [19]. In the first month after vaccines
became available to all vaccine-eligible members of the Chinese
population, a nationwide cross-sectional study reported the
prevalence of COVID-19 vaccination hesitancy to be 35.5%.
After an instance of illegal marketing of vaccines, 32.4% of
parents became hesitant of vaccines [20]; rapid sociocultural
changes have also contributed to vaccine hesitancy [21,22]. A
study on COVID-19 vaccine hesitancy of Italian college students
showed that among the 735 students who answered questions
about their vaccination intentions, more than 1 in 10 students
showed hesitancy [23]. An investigation during Israel’s
mandatory quarantine revealed that nurses and medical workers
showed high levels of vaccine hesitancy [24]. According to a
literature review, 68.4% of the global population is willing to
receive the vaccination [25].
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Recent studies of factors associated with COVID-19 vaccination
have identified a number of demographic, cognitive, and
psychosocial factors, including age, gender, educational level,
insurance status, attitudes toward the vaccine, confidence in
government information, perceived susceptibility to COVID-19,
and perceived benefits and side effects of the vaccine [26,27].
In the current age of Web 2.0, the spread of false news about
vaccine safety and validity on social media, such as that
COVID-19 vaccination can affect individuals’ reproductive
function, influence vaccination willingness and confidence [28].
Several typical behavioral theories, such as the health belief
model (HBM), the theory of planned behavior (TPB) [29], and
the diffusion of innovation theory (DIT) [14], have been used
to explain COVID-19 vaccination intent combined with
demographic, cognitive, and psychosocial factors. The HBM
is a widely used theory that proposes a variety of psychological
factors that affect people's health protective behaviors, such as
attitudes, beliefs, and intentions [30-32]. The HBM assumes
that health-related actions depend on the simultaneous
occurrence of three factors [33]: (1) the presence of sufficient
motivation (or health concern) to make the health problem
salient or relevant, (2) the belief that a person is vulnerable to
serious health problems or the sequelae of that illness or
condition is often referred to as a perceived threat, and (3)
believing that following a specific health recommendation will
help reduce the perceived threat at a subjectively acceptable
cost. The TPB assumes that an individual's behavioral posture,
activity attraction, and behavioral control jointly affect and
direct the individual's behavior [34]. The DIT aims to
disseminate innovation awareness, technology, or innovative
ideas related to the masses, so that patients can develop
innovative thinking or health awareness. In recent years, the
DIT has been gradually introduced into medical and health
industries, mainly for the guidance of health education strategies
[14]. The HBM has been one of the most widely used theories
in understanding health and illness behaviors, and due to its
design, it has been previously used in vaccination studies to
identify behavior relationships [35,36]. When compared with
other models that explain behavior and resulting actions, the
HBM was specifically developed to focus on preventative health
research [35-38], which has been modified since its early use
in the 1950s to be more inclusive and encourage interventions
that improve health behaviors [39]. Thus, the HBM was chosen
as the preferred model to investigate intention and behavior
regarding COVID-19 vaccination. There are six main
components of the HBM: perceived susceptibility, perceived
severity, perceived benefits, perceived barriers, self-efficacy
for health protective behaviors, and cues to action [40]. Previous
studies, including those on H1N1 [41], hepatitis [42], human
papillomavirus (HPV) [43], and measles [44], have identified
HBM factors as important predictors of vaccination intentions.
Therefore, it is necessary to explore the possible influence of
these factors on people's willingness to vaccinate against
COVID-19 in order to improve individual immunity and slow
the epidemic. Although the aforementioned studies suggested
that there were associations between HBM constructs and
vaccine acceptance or hesitancy, relatively few studies have
focused on COVID-19 vaccination behavior, especially in China
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and other countries where vaccinations are available to the
domestic population [45].
In summary, we explored whether HBM constructs were
associated with vaccine hesitancy and vaccination at the time
when COVID-19 vaccination became available to the public in
mainland China. A previous study identified that vaccine
intention and willingness were important predictors of
vaccination behavior, with more than 50% of the explained
variance in influenza [46] and HPV [34] vaccinations. However,
a gap seems to exist between intention and vaccination behavior
[47], such as the willingness of students to receive the HPV
vaccine predicting less than 10% of actual vaccinations [34].
Our first hypothesis (Hypothesis 1) was that vaccine hesitancy
was negatively associated with COVID-19 vaccination behavior.
In particular, we examined our major hypothesis (Hypothesis
2), which was that the HBM constructs of perceived barriers,
self-efficacy, and cues to action would predict vaccine hesitancy
and vaccination behavior. As in a previous study, self-efficacy
is defined as the confidence in one’s ability to facilitate decisions
to carry out a health behavior such as vaccination, which is
useful only to the extent that one feels one can adequately
implement the steps needed to perform the behavior [48].
Evidence based on the HBM poses several mechanisms
regarding how self-efficacy is associated with vaccine intention
and behaviors. Self-efficacy was able to mediate the relationship
between perceived barriers to HPV vaccination and HPV
vaccine intentions among young women [49]. A similar
mediation effect was found in the association between perceived
severity and susceptibility and the intent to receive the Zika
vaccine [50]. It was also suggested that self-efficacy could
influence the path from cues to action (eg, physician
recommendation, family members recommendation, media
coverage, and public health communication) to HPV vaccine
uptake [51] and acceptance of the H1N1 vaccine [52]. The
aforementioned studies suggested our third major hypothesis
(Hypothesis 3), which was that self-efficacy of the COVID-19
vaccine would mediate the influence of other HBM constructs
on vaccine hesitancy and vaccination.

Methods
Study Design and Participants
From January 1 to 24, 2021, we used convenience and snowball
sampling to recruit a sample of 2580 participants from 31 out
of a total of 34 provinces and autonomous regions in China,
with each area consisting of at least 30 participants; we then
conducted a web-based cross-sectional study. A digital
questionnaire link was sent to a WeChat “Friends circle,” a
function that can be used to share personal photos or public
website links in one’s “Moments” to make them visible to
friends on platforms such as Twitter and Facebook. This
questionnaire link, on the Wenjuanxing platform, could then
be forwarded or shared by participants with friends in their
WeChat contact list whom they considered appropriate for this
survey; their friends were also encouraged to send the link to
their friend networks. The snowball sampling process continued
until a sufficient sample size was reached. The first page of the
questionnaire contained an electronic consent form. Each
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respondent received a small monetary reward of ¥5 (a currency
exchange rate of ¥1=US $0.15 is applicable) after authentically
completing the questionnaire, which took approximately 5 to
10 minutes. To prevent repeated entries from the same
individual, who may attempt multiple entries for the enrollment
reward, additional measures were adopted: (1) the same IP
address was only allowed to be used once to fill in the
questionnaire, which was a built-in function of the Wenjuanxing
platform, and (2) participants were only allowed to fill in
questionnaires after logging in to their WeChat accounts—they
needed to register with this platform with a personal identity
card—and each WeChat account could only be used once to fill
in the questionnaire. The minimum sample size was calculated
to be 1100 by using the following formula:

Chen et al

Measurements
Vaccine Hesitancy and Vaccination
Vaccine hesitancy was assessed with a one-item self-report
measure that quantified the demand for, and acceptance of,
vaccination: “How willing would you be to get the COVID-19
vaccine?” The respondents were asked to answer the question
using the following 7-point scale recommended by the SAGE
working group on vaccine hesitancy: “accept all [vaccines],”
“accept but unsure,” “accept some,” “delay,” “refuse some,”
“refuse but unsure,” and “refuse all” [17]. Vaccine hesitancy
was defined as any response on the scale except for “accept all”
or “accept but unsure.” Vaccination was assessed by asking the
participants to answer “yes” or “no” to a single question: “Have
you gotten the COVID-19 vaccine?”

Health Belief Model
where the latest reported prevalence of COVID-19 vaccination
hesitancy (p) was 35.5%, based on research that was conducted
in China, nationwide, from January 10 to January 22, 2021 [53].
The type I error () was .05; thus, z1-/2=1.96, the precision (d)
was 0.04, and the design effect (deff) was 2 [54]. The inclusion
criteria for participants’ enrollment were as follows: (1) aged
18 to 59 years, (2) able to understand the questionnaire by
themselves, and (3) could use online services, such as mobile
phones, computers, and tablet computers. The questionnaires
of participants who met the following exclusion criteria were
discarded: (1) aged less than 18 years (n=16) or more than 59
years (n=32) and not eligible for vaccination until April 2021
in China and (2) returned invalid questionnaires (n=32).
Questionnaires were deemed invalid if the following occurred:
(1) participant gave one or two wrong answers to two quality
control questions, including “Where is capital of China?” and
“What’s three plus five?”; (2) occurrence of a logic check result
error, which occurred when the participant selected both “no
disease” and “any type of disease” in response to the question
“Do you have any type of the following diseases or diagnosed
medical histories”; and (3) participant took less than the
minimum time of 3 minutes to complete the questionnaire.
Cognitive interviewing with 5 subjects was done to refine the
questionnaires through the web-based platform WeChat.
Participants were required to respond to each item by answering
three questions: (1) “What does ‘……’ mean to you?”, (2) “Can
you repeat this question in your own words?”, and (3) “When
you think about ‘……’ what comes to your mind?” We also
asked participants to answer three questions for the overall
survey, including the following: (1) “Are there additional
questions you believe should be asked?”, (2) “Are there
questions you believe should be deleted?”, and (3) “Are there
questions you believe should be modified?” The entire
questionnaire was tested and modified to appropriately conduct
the survey. Finally, 2531 participants were included in this
study. All participants consented to written ethics approval
before the survey was conducted. This study was approved by
the Institutional Review Board of Fudan University, School of
Public Health (IRB00002408&FWA00002399), and approval
expired on March 3, 2021.
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Items derived from the HBM were adopted from a previous
study or modified to measure the participants’ beliefs about
COVID-19 vaccination. Five essential dimensions of health
beliefs were measured as follows: (1) perceived susceptibility
to COVID-19 in the future (three items; eg, “I was vulnerable
to infection with SARS-CoV-2”), (2) perceived severity of
COVID-19 infection (four items; eg, “It would be very harmful
for me if I got COVID-19”), (3) perceived benefits of
COVID-19 vaccination (three items; eg, “COVID-19 vaccination
can protect me from infection with SARS-CoV-2”), (4)
perceived barriers to COVID-19 vaccination (six items; eg,
“The COVID-19 vaccine might have side effects, such as fever
or soreness in the arm”), and (5) self-efficacy for COVID-19
vaccination (five items; eg, “I believe I can deal with side effects
of the COVID-19 vaccine with doctors’ help”). Cues to action
refer to external recommendations that might affect individuals’
health-related behaviors. In this study, the Cronbach α
coefficients indicating internal consistency (ie, reliability) were
.78 for the total HBM factors, .84 for perceived susceptibility
to COVID-19, .80 for perceived severity of COVID-19 infection,
.83 for perceived benefits of COVID-19 vaccination, .80 for
perceived barriers to COVID-19 vaccination, and .82 for
self-efficacy for COVID-19 vaccination. The sampling adequacy
for the HBM factor scale was excellent
(Kaiser-Meyer-Olkin=0.82). Inter-item correlations were
sufficiently large for principal component analysis (PCA)
(Bartlett test of sphericity: 2210=23,122.6, P<.001). The PCA
revealed five factors, which in combination explained 68.58%
of the variance, and each factor accounted for 24.23%, 20.55%,
10.32%, 8.16%, and 5.32% of the explained variance,
respectively. An examination of the factor loadings after rotation
suggested, as expected, that factor 1 (perceived barriers to
COVID-19 vaccination) had six items with loading factors
between 0.74 and 0.79, factor 2 (self-efficacy for COVID-19
vaccination) included five items with loading factors between
0.71 and 0.80, factor 3 (perceived severity of COVID-19
infection) included four items with loading factors between 0.67
and 0.85, factor 4 (perceived benefits of COVID-19 vaccination)
included three items with loading factors between 0.68 and 0.85,
and factor 5 (perceived susceptibility to COVID-19) included
three items with loading factors between 0.78 and 0.89.
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External Cues to Action

Statistical Analysis

External cues to action were assessed based on four cues used
in previous surveys [36,55]: recommendations from authorities,
recommendations from friends or family, vaccination of
authorities, and vaccination of friends or family. Participants
were asked to state their level of agreement with each of the
statements, with a score of 1 for positive responses (strongly
agree or agree) and a score of 0 for neutral or negative responses
(neither agree nor disagree, disagree, or strongly disagree). The
Cronbach α coefficient for cues to action was .82. The sampling
adequacy for the cues to action scale was excellent
(Kaiser-Meyer-Olkin=0.75). Inter-item correlations were
sufficiently large for PCA (Bartlett test of sphericity: 26=2829.1,
P<.001). The PCA revealed a single factor, which in
combination explained 59.72% of the variance, and an
examination of the factor loadings after rotation suggested, as
expected, that the single factor included four items whose
loading factors were between 0.65 and 0.84.

Frequencies were first calculated for all variables, and the
prevalence and 95% CIs of vaccine hesitancy and vaccination
were determined according to the participants’ demographics,
health-related characteristics, and HBM factors. Multivariable
logistic regression analyses were used to explore the
demographic and health-related characteristics (Table 1) as well
as the HBM factors (Table 2) associated with vaccine hesitancy
and vaccination. We then ran the multivariable logistic
regression again to determine the HBM factors associated with
vaccine hesitancy and vaccination after controlling for covariates
(ie, demographic and health-related characteristics), with a
significance level of P<.05. Odds ratios (ORs) with 95% CIs
were calculated for each independent variable and were
visualized in forest plots (Figures 1 and 2). All of the analyses
were performed using SAS software, version 9.4 (SAS Institute
Inc), and all tests were two-tailed with a significance level of
P<.05. We used the forest plot package in R software, version
3.5.3 (The R Foundation), to generate the forest plots. We used
Mplus, version 8.4 (Muthén & Muthén), to establish structural
equation modeling (SEM) and to assess the standardized
structure coefficients (SSCs) among the HBM factors of vaccine
hesitancy and vaccination. The mean- and variance-adjusted
weighted least squares method was employed as the method of
estimation because the analyses included categorical endogenous
variables (ie, vaccine hesitancy and vaccination), and the link
was the probability unit in the current model [57]. We freed
covariances between error terms based on their modification
indices during the estimation process to improve model fit. The
most common indices and acceptable reference values included
the magnitude of χ2 divided by its degrees of freedom (χ2/df
<5), the comparative fit index (CFI >0.90), the Tucker-Lewis
index (TLI >0.90), and the root mean square error of
approximation (RMSEA <0.08), which were used to determine
whether the data fit the model [58].

Demographic and Health-Related Characteristics
Demographic characteristics in this study included gender, age,
educational level (high school degree and below, bachelor’s
degree, or master’s degree and above), marital status (married
or not married [including unmarried, divorced, and widowed]),
occupation (medical worker or nonmedical worker), region
(urban or rural), monthly salary (<¥6000, ¥6000-¥10,000, or
>¥10,000), and family members with backgrounds in medical
work or with medical education (yes or no). Health-related
characteristics included self-rated health and self-reported
chronic diseases having been diagnosed by doctors. Self-rated
health was evaluated by a single question: “How is your
perceived health in general?”; responses included “excellent,”
“very good,” “good,” “general,” or “poor” [56]. We listed 16
common chronic diseases, such as hypertension and diabetes,
and categorized the number of reported chronic diseases into
0, 1 or 2, and 3 or over.
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Figure 1. Associations between the health belief model and vaccine hesitancy.
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Figure 2. Associations between the health belief model and vaccination rate.

Results
Participant Characteristics
Our analysis included 2531 participants aged between 18 and
59 years (mean 33.92 years, SD 8.94); 58.7% (1486/2531) of
the participants were female. Most of the participants were
married (1660/2531, 65.6%), had a bachelor’s degree
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(1609/2531, 63.6%), were nonmedical personnel (2034/2531,
80.4%), lived in urban areas (2262/2531, 89.4%), reported good
health (2020/2531, 79.8%), and did not have chronic diseases
(1617/2531, 63.9%). Slightly less than half of the participants
reported monthly salaries lower than ¥6000 (1128/2531, 44.6%)
and had family members with medical personnel backgrounds
(1056/2531, 41.7%) (Table 1).
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Table 1. Distribution of vaccine hesitancy and vaccination rate by participant demographics and health-related characteristics.
Characteristics

Participants
(N=2531), n (%)

Vaccine hesitancy

Vaccination rate

Vaccine hesitancy, n (%)
ORa (95% CI)

P value

Vaccination, n
(%)

OR (95% CI)

75 (8.1)

1

P value

Age (years)
18-29

926 (36.6)

412 (44.5)

1

30-39

993 (39.2)

467 (47.0)

1.11 (0.93-1.33)

.27

110 (11.1)

1.41 (1.04-1.92)

.03

40-49

410 (16.2)

163 (39.8)

0.82 (0.65-1.04)

.11

55 (13.4)

1.76 (1.22-2.54)

.003

50-59

202 (8.0)

78 (39.6)

0.79 (0.58-1.07)

.13

24 (11.9)

1.53 (0.94-2.49)

.09

Male

1045 (41.3)

422 (40.4)

1

116 (11.1)

1

Female

1486 (58.7)

698 (47.0)

1.31 (1.11-1.53)

148 (10.0)

0.89 (0.69-1.15)

Married

1660 (65.6)

725 (43.7)

1

187 (11.3)

1

Not married

871 (34.4)

395 (45.4)

1.07 (0.91-1.26)

77 (8.8)

0.76 (0.58-1.01)

High school degree and below

204 (8.0)

83 (40.7)

1

9 (4.4)

1

Bachelor’s degree

1609 (63.6)

725 (45.1)

1.20 (0.89-1.61)

.24

150 (9.3)

2.23 (1.12-4.43)

.02

Master’s degree and above

718 (28.4)

312 (43.5)

1.12 (0.82-1.54)

.48

105 (14.6)

3.71 (1.84-7.47)

<.001

Nonmedical personnel

2034 (80.4)

929 (45.7)

1

102 (5.0)

1

Medical personnel

497 (19.6)

191 (38.4)

0.74 (0.61-0.91)

162 (32.6)

9.16 (6.97-12.04) <.001

2262 (89.4)

1016 (44.9)

1

242 (10.7)

1

269 (10.6)

104 (38.7)

0.77 (0.60-1.00)

22 (8.2)

0.74 (0.47-1.17)

<6000

1128 (44.6)

478 (42.5)

1

68 (6.0)

1

6000-10,000

787 (31.1)

338 (43.0)

1.02 (0.85-1.23)

.83

100 (12.7)

2.27 (1.64-3.13)

<.001

>10,000

616 (24.3)

303 (49.2)

1.31 (1.08-1.60)

.007

96 (15.6)

2.88 (2.07-3.99)

<.001

88 (6.0)

1

176 (16.7)

3.13 (2.28-4.17)

230 (11.4)

1

34 (6.7)

0.55 (0.38-0.81)

178 (11.0)

1

Gender

.001

.36

Marital status

.42

.06

Educational level

Occupation

.004

Region
Urban
Rural
Monthly salary (¥)

.05

.20

b

Family members with medical backgrounds
No

1475 (58.3)

667 (45.2)

1

Yes

1056 (41.7)

453 (42.9)

0.91 (0.78-1.06)

Good

2020 (79.8)

849 (42.0)

1

Poor

511 (20.2)

271 (53.0)

1.56 (1.28-1.89)

0

1617 (63.9)

688 (42.3)

1

1

639 (25.4)

300 (47.0)

0.84 (0.70-1.01)

.045

64 (10.0)

1.11 (0.82-1.50)

.49

2 and above

288 (11.2)

136 (49.5)

1.13 (0.86-1.49)

.49

22 (8.0)

0.78 (0.47-1.30)

.34

Yes

1120 (44.3)

N/Ac

N/A

N/A

32 (2.9)

1

No

1411 (55.7)

N/A

N/A

N/A

232 (16.4)

6.69 (4.58-9.77)

.25

<.001

Self-reported health

<.001

.002

Number of chronic diseases

Vaccine hesitancy
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OR: odds ratio.

b

A currency exchange rate of ¥1=US $0.15 is applicable.

c

N/A: not applicable.

Distribution of Vaccine Hesitancy and Vaccination by
Participant Characteristics and Health Belief Model
Factors
Overall, 44.3% (1120/2531; 95% CI 42.3%-46.2%) of the
participants were classified as vaccine hesitant: 1.4% responded
“refuse all,” 5.3% responded “refuse but unsure,” 3.7%
responded “refuse some,” 18.8% responded “delay,” and 15.1%
responded “accept some.” Overall, 55.7% (1411/2531) of the
participants were classified as vaccine accepting: 25.1%
responded “accept but unsure” and 30.6% responded “accept
all.” Only 10.4% (264/2531; 95% CI 9.2%-11.6%) of the
participants had been vaccinated for COVID-19, while the
majority (2267/2531, 89.6%) had not been.
According to the multivariable logistic regression analyses
including participant characteristics (Table 1), the participants
were more likely to be vaccine hesitant if they were female (OR
1.31, 95% CI 1.11-1.53), were nonmedical personnel (OR 1.35,
95% CI 1.10-1.64), had poor self-rated health (OR 1.56, 95%
CI 1.28-1.89), or had a monthly salary over ¥10,000 (OR 1.31,
95% CI 1.08-1.60). The participants were more likely to have
been vaccinated if they were 30 to 39 years old (OR 1.41, 95%
CI 1.04-1.92), had a bachelor’s degree (OR 2.23, 95% CI
1.12-4.43), had a master’s degree and above (OR 3.71, 95% CI
1.12-4.43), were medical personnel (OR 3.71, 95% CI
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1.12-4.43), had good self-rated health (OR 1.82, 95% CI
1.23-2.63), were not vaccine hesitant (OR 6.69, 95% CI
4.58-9.77), had a monthly salary between ¥6000 and ¥10,000
(OR 2.27, 95% CI 1.64-3.13), had a monthly salary over ¥10,000
(OR 2.88, 95% CI 2.07-4.17), or had family members with
medical personnel backgrounds (OR 3.13, 95% CI 2.28-4.17).
According to the multivariable regression analyses including
the HBM factors (Table 2), the participants were more likely
to be vaccine hesitant if they had high perceived susceptibility
to COVID-19 (OR 1.34, 95% CI 1.07-1.69) or had high
perceived barriers to vaccination (OR 1.84, 95% CI 1.56-2.17).
The participants were less likely to be vaccine hesitant if they
had high perceived benefits of vaccination (OR 0.34, 95% CI
0.23-0.50), had high self-efficacy for vaccination (OR 0.26,
95% CI 0.20-0.34), agreed with recommendations from
authorities (OR 0.47, 95% CI 0.38-0.58), agreed with
recommendations from friends or family (OR 0.19, 95% CI
0.14-0.24), agreed with the vaccination of authorities (OR 0.46,
95% CI 0.36-0.60), or agreed with the vaccination of friends or
family (OR 0.77, 95% CI 0.66-0.91). The participants were
more likely to have been vaccinated if they had high
self-efficacy for vaccination (OR 3.39, 95% CI 1.92-6.00),
agreed with recommendations from authorities (OR 2.89, 95%
CI 1.75-4.78), agreed with the vaccination of authorities (OR
2.94, 95% CI 1.62-5.31), or agreed with the vaccination of
friends or family (OR 5.05, 95% CI 3.77-6.76).
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Table 2. Distribution of vaccine hesitancy and vaccination by health belief model (HBM) factors and cues to action.
HBM factors and cues to action

Participants
(N=2531), n (%)

Vaccine hesitancy

Vaccination

Vaccine hesitancy, n (%)
ORa (95% CI)

P value

Vaccination, n
(%)

OR (95% CI)

231 (10.4)

1

33 (9.7)

0.91 (0.62-1.34)

42 (14.4)

1

222 (9.9)

0.66 (0.46-0.93)

12 (9.6)

1

252 (10.5)

1.01 (0.95-1.07)

219 (13.5)

1

49 (5.0)

0.33 (0.24-0.47)

13 (3.7)

1

251 (11.5)

3.39 (1.92-6.00)

17 (4.3)

1

247 (11.6)

2.89 (1.75-4.78)

28 (7.6)

1

236 (10.9)

1.48 (0.99-2.23)

12 (4.1)

1

252 (11.2)

2.94 (1.62-5.31)

66 (4.4)

1

198 (19.0)

5.05 (3.77-6.76)

P value

Perceived susceptibility
Low

2191 (86.6)

948 (43.3)

1

High

340 (13.4)

172 (50.6)

1.34 (1.07-1.69)

Low

292 (11.5)

126 (43.2)

1

High

2239 (88.5)

994 (44.4)

1.05 (0.82-1.36)

Low

125 (4.9)

86 (68.8)

1

High

2406 (95.1)

1034 (43.0)

0.34 (0.23-0.50)

Low

1622 (64.1)

630 (38.8)

1

High

909 (35.9)

490 (53.9)

2.08 (1.77-2.45)

Low

352 (13.9)

252 (71.6)

1

High

2179 (86.1)

868 (39.8)

0.26 (0.20-0.34)

.01

.64

Perceived severity

.69

.02

Perceived benefits

<.001

.76

Perceived barriers

<.001

<.001

Self-efficacy

<.001

<.001

Recommendations from authorities
Disagree

393 (15.5)

236 (60.1)

1

Agree

2138 (84.5)

884 (41.4)

0.47 (0.38-0.58)

<.001

<.001

Recommendations from friends or family
Disagree

367 (14.5)

283 (77.1)

1

Agree

2164 (85.5)

837 (38.7)

0.19 (0.14-0.24)

Disagree

290 (11.5)

177 (61.0)

1

Agree

2241 (88.5)

943 (42.1)

0.46 (0.36-0.60)

Disagree

1488 (58.8)

696 (46.8)

1

Agree

1043 (41.2)

424 (40.7)

0.77 (0.66-0.91)

<.001

.06

Vaccination of authorities

<.001

<.001

Vaccination of friends or family

a

.002

<.001

OR: odds ratio.

Influencing Factors of Vaccine Hesitancy and
Vaccination
We included the participant characteristics and HBM factors in
the vaccine hesitancy logistic regression, and the influencing
factors are shown in Figure 1. The risk factors for vaccine
hesitancy were female gender (P=47.0%, 95% CI 44.4%-49.5%;
OR 1.12, 95% CI 1.01-1.44), monthly salary over ¥10,000
(P=49.2%, 95% CI 45.2%-53.1%; OR 1.45, 95% CI 1.16-1.80),
poor self-rated health (P=53.0%, 95% CI 48.7%-57.4%; OR
1.46, 95% CI 1.18-1.80), high perceived susceptibility to
COVID-19 (P=50.6%, 95% CI 45.3%-55.9%; OR 1.30, 95%
CI 1.01-1.67), and high perceived barriers to vaccination
(P=53.9%, 95% CI 50.7%-57.2%; OR 1.63, 95% CI 1.36-1.95).
Additionally, the protective factors against vaccine hesitancy
https://www.jmir.org/2021/9/e29329
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were occupation as medical personnel (P=38.4%, 95% CI
34.2%-42.7%; OR 0.74, 95% CI 0.59-0.93), high perceived
benefits of vaccination (P=43.0%, 95% CI 41.0%-45.0%; OR
0.51, 95% CI 0.32-0.79), high self-efficacy for vaccination
(P=38.4%, 95% CI 48.7%-57.4%; OR 1.46, 95% CI 1.18-1.80),
agreement with recommendations from authorities (P=41.4%,
95% CI 39.3%-43.4%; OR 0.74, 95% CI 0.57-0.98), and
agreement with recommendations from friends or family
(P=41.4%, 95% CI 39.3%-43.4%; OR 0.74, 95% CI 0.57-0.98).
We included the participant characteristics, the HBM factors,
and vaccine hesitancy in the vaccination logistic regression,
and the influencing factors are shown in Figure 2. The promoting
factors for vaccination were occupation as medical personnel
(P=32.6%, 95% CI 28.5%-36.7%; OR 6.52, 95% CI 4.51-9.41),
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(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
monthly salary between ¥6000 and ¥10,000 (P=12.7%, 95%
CI 10.4%-15.0%; OR 2.05, 95% CI 1.38-3.04), monthly salary
over ¥10,000 (P=15.6%, 95% CI 12.7%-18.5%; OR 2.15, 95%
CI 1.40-3.30), family members with medical personnel
backgrounds (P=16.7%, 95% CI 14.4%-18.9%; OR 1.51, 95%
CI 1.07-2.13), a lack of vaccine hesitancy (P=16.4%, 95% CI
14.5%-18.4%; OR 7.75, 95% CI 1.01-1.67), agreement with
recommendations from friends or family (P=10.9%, 95% CI
9.6%-12.2%; OR 3.11, 95% CI 1.75-5.52), and agreement with
the vaccination of friends or family (P=19.0%, 95% CI
19.6%-21.4%; OR 4.88, 95% CI 3.41-6.99). Additionally, a
lower vaccination rate was associated with higher perceived
barriers to COVID-19 vaccination (p=5.0%, 95% CI 3.5%-6.4%;
OR 0.51, 95% CI 0.35-0.75).

Structural Equation Modeling of Vaccination
We used SEM to examine the underlying psychological
mechanism of vaccination behavior (Figure 3). Based on the
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goodness-of-fit statistics, SEM showed a better fit to the data
than the regression models (χ2/df=4.62; RMSEA=0.05; CFI =
0.95; TLI = 0.91), and all of the paths were statistically
significant (P<.05). The findings suggested that a mediating
effect of self-efficacy, influenced by perceived barriers
(SSC=−0.71, P<.001), perceived benefits (SSC=0.58, P<.001),
agreement with recommendations from authorities (SSC=0.27,
P<.001), and agreement with recommendations from friends or
family (SSC=0.31, P<.001), was negatively associated with
vaccination (SSC=−0.45, P<.001) via vaccine hesitancy
(SSC=−0.32, P<.001). Additionally, perceived barriers
(SSC=0.53, P<.001) and perceived benefits (SSC=−0.21,
P<.001) were directly associated with vaccine hesitancy.
Perceived barriers (SSC=−0.20, P<.001) and recommendations
from friends or family (SSC=0.14, P<.001) were directly
correlated with vaccination behavior.

Figure 3. The paths among vaccine hesitancy, vaccination, and health belief model factors. The numbers on the lines are the standardized structure
coefficients.

Availability of Data and Materials
The data that support the findings of this study are available
from the School of Public Health, Fudan University. The data
were used under license for this study and are not publicly
available. The data are, however, available from the authors
upon reasonable request and with permission from the School
of Public Health, Fudan University.

Discussion
Principal Findings
The findings of our study suggest that five HBM constructs—in
the absence of perceived barriers, a high level of perceived
benefits, and self-efficacy—as well as individuals’ agreement
with recommendations from authorities and friends or family
were negatively associated with COVID-19 vaccine hesitancy
and positively associated with vaccination behavior.
Furthermore, psychological mechanisms were found to mediate
the relationship between perceived barriers, perceived benefits,
recommendations from authorities and friends or family, and
vaccination uptake behavior via vaccine hesitancy. Self-efficacy,
perceived barriers, and perceived benefits were correlated with
https://www.jmir.org/2021/9/e29329
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vaccine hesitancy, while perceived barriers and
recommendations from friends or family were directly correlated
with vaccination.
In this study based in China, the prevalence of vaccine hesitancy
was 44.3% (95% CI 42.3%-46.2%), and the vaccination rate
was 10.4% (95% CI 9.2%-11.6%), representing high vaccine
hesitancy and low vaccination behaviors. Vaccine hesitancy
has been universally reported in recent research, with over half
of participants (53%) across 19 countries showing vaccine
hesitancy, which is similar to our results [59] and in accordance
with the decline in vaccine acceptance (from >70% in March
2020 to <50% in October 2020) reported by a recent review
[60]. Undoubtedly, eliminating vaccine hesitancy would be
beneficial to voluntary vaccination behaviors, as seen in this
study, which showed that the vaccination rate was nearly 8 times
higher among the participants who were accepting of vaccines
compared to those who were vaccine hesitant. In the SEM
results, vaccine hesitancy was also strongly negatively
associated with vaccination behaviors (Hypothesis 1 confirmed).
Therefore, the control of vaccine hesitancy and the promotion
of voluntary vaccination still seem to be challenges in the
context of the COVID-19 pandemic.
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In this study, female participants showed more COVID-19
vaccine hesitancy, which is consistent with previous findings
in the literature [61,62]; a possible reason for this finding is that
women are more likely to be concerned about side effects [63]
and take nonpharmaceutical protective measures (eg, masking
and maintaining social distance) [64], while men are more
inclined to adopt medical intervention [65]. Medical personnel
showed less vaccine hesitancy and a much higher vaccination
rate in this study, which may be inconsistent with the general
argument that health workers have strong negative attitudes
toward vaccines, with strong skepticism about their safety and
effectiveness, especially regarding the influenza vaccine [66,67].
Another finding seems unexpected; that is, that the participants
with higher monthly salaries were associated with both vaccine
hesitancy and a higher vaccination rate; in other words, even
though these individuals were vaccine hesitant, they were still
vaccinated. Vaccine hesitancy was not only a direct determinant
of vaccination but also a perceived barrier. Participants with
higher salaries were more likely to have higher socioeconomic
status [68], so they could more easily access social resources;
that is, they had lower barriers to obtaining vaccines, which
could then increase the vaccination rate among this group.
Although some of the HBM factors were not directly associated
with the vaccination rate, perceived benefits of vaccination,
perceived barriers to vaccination, self-efficacy for vaccination,
and recommendations from authorities were correlated with
vaccine hesitancy (Hypothesis 2 partially confirmed), which
was consistent with previous research among the Malaysian
public [36] and the Chinese general population [69]. In all HBM
constructs associated with vaccine hesitancy and vaccination,
self-efficacy for COVID-19 vaccination was an important
predictor of vaccination behaviors, via vaccine hesitancy. This
result is similar to the findings of previous studies on influenza
vaccination, according to which self-efficacy is a key factor of
willingness, which in turn predicts behavior [46,70].
Self-efficacy also plays a mediating role between vaccine
hesitancy and other HBM components, including perceived
barriers, perceived benefits, and recommendations from
authorities and friends or family, and it indirectly influences
vaccination uptake. This finding was supported by the HBM
hypothesis (Hypothesis 3 partially confirmed) that HBM
constructs and cues to action may not share a juxtaposition or
parallel relationship, but self-efficacy functioned as a serial
mediator [71]. Hilyard et al noted that public self-efficacy for
COVID-19 vaccination could be promoted by enhancing the
perceived benefits of vaccination, confidence in overcoming
possible side effects (ie, perceived barriers), and
recommendations from authorities, such as the Obamas’
modeling of H1N1 vaccine acceptance for their daughters [52].
In this study, self-efficacy was measured as a specific domain
with confidence in the safety of the COVID-19 vaccine, a low
prevalence of side effects of the COVID-19 vaccine, and success
in dealing with side effects. Vaccine safety or side effects, which
are regarded as contributing to the development of disease, are
of paramount importance to individual efficacy when deciding
whether to vaccinate [72,73] and are even relevant aspects that
help explain the antivaccine movement in Europe [74]. A study
argues that a perceived risk-benefit balance may influence
confidence in vaccine uptake; in other words, a combined
https://www.jmir.org/2021/9/e29329
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decision-making process relies on a trade-off between benefits
and risks [66]. In addition to cues to action, this result was
consistent with a previous study showing that compliance with
recommendations from health workers may also be correlated
with confidence in vaccine efficacy [73], because they can share
personal knowledge about being immunized and motivate
vaccine uptake efficacy [75].
In addition to the direct and mediating effect of self-efficacy,
some HBM constructs were directly associated with vaccine
hesitancy and vaccination behavior. Perceived barriers were
both positively correlated with vaccine hesitancy and detrimental
to vaccination, as measured by the safety, side effects, and
inaccessibility of the COVID-19 vaccine, in which safety may
influence self-efficacy as aforementioned, while inaccessibility
would hinder the perceived convenience of COVID-19
vaccination behavior directly. With a more specific formulation,
a controlled before-and-after trial study showed that arranging
time and transportation were key predictors of both intention
and behavior regarding influenza vaccination [76]. A previous
survey also found that the side effects and safety of influenza
vaccination were the most common reasons for vaccine
hesitancy [77]. Perceived benefits were associated with vaccine
hesitancy, which was measured by preventing the self and one’s
family from being infected after COVID-19 vaccination. From
an altruistic motivation perspective, people could be vaccinated
to protect not only themselves but also their loved ones; in other
words, there could be more willingness to receive the vaccine
if individuals believe that it helps reduce the transmission of
COVID-19 [78]. Recommendations from family were found to
be directly associated with vaccination behavior in this study.
An online survey in Canada showed that respondents reported
that encouragement from both colleagues and employers was
beneficial to their vaccination decision-making process [55].
Another finding implied that a recommendation from a spouse
or a friend is an important cue to action in determining
willingness to accept the Zika virus vaccine [79]. However,
perceived susceptibility and severity were not enough to reduce
vaccine hesitancy and promote vaccination behavior. A review
indicated that perceived barriers were the most powerful single
predictor of preventive health behavior across all studies and
behaviors, and perceived severity was the least powerful
predictor [71].
From the perspective of the HBM on understanding vaccination
behavior, it is valuable that self-efficacy is an important and
direct predictor of COVID-19 vaccine hesitancy because it can
also mediate the influences from cues to action, perceived
barriers, and perceived benefits. Furthermore, vaccine hesitancy
was strongly correlated with vaccination behavior but was not
the only determinant, since perceived barriers and
recommendations from friends or family were also associated
with vaccination behavior directly and in combination.
In practice, it is valuable for other nations to know what the
Chinese vaccine hesitancy and vaccination statuses were at the
beginning of the critical period when COVID-19 vaccination
became available to the public, free of charge. This finding
indicates that health authorities or doctors may be less effective
in motivating people to action, while it may be useful to
advocate for more volunteers to engage in motivating their
J Med Internet Res 2021 | vol. 23 | iss. 9 | e29329 | p.1489
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friends or family members. Although the antivaccine movement
that occurred in other nations was not popular in mainland
China, vaccine hesitancy and refusal were not rare occurrences
without mandatory vaccination in this study. Moreover, it is
essential to reinforce the publishing of information regarding
the safety and validity of COVID-19 vaccines and incentives
of vaccination completion, which could then promote public
confidence in overcoming vaccination barriers and in achieving
benefits after vaccination.
In summary, there was a high prevalence of vaccine hesitancy
and low vaccination behavior in China during the first month
(January 2021) when vaccinations became available to the
vaccine-eligible population. The HBM framework is a useful
framework to guide the development of future campaigns to
reduce vaccine hesitancy and promote COVID-19 vaccination.

Chen et al

Limitations
There are some potential limitations to this study. First, due to
the convenience sampling and snowball recruitment methods
that were part of the online survey process, selection bias, such
as the participation of fewer respondents with low education
attainment and fewer older adults (aged over 50 years), may
have affected the generalizability of the results. Second, vaccine
hesitancy was measured by a single item derived from a
definition from the SAGE working group, which may promote
more accurate measurement tools in future research.
Furthermore, the vaccination rate in this study may not reflect
future trends because only some participants had received the
vaccine in a timely manner, vaccinations were available to the
public for only 1 month, and there were no incentives except
to receive a free vaccination before participating in the study.
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Abstract
Background: SARS-CoV-2 is one of the most threatening pandemics in human history. As of the date of this analysis, it had
claimed about 2 million lives worldwide, and the number is rising sharply. Governments, societies, and scientists are equally
challenged under this burden.
Objective: This study aimed to map global coronavirus research in 2020 according to various influencing factors to highlight
incentives or necessities for further research.
Methods: The application of established and advanced bibliometric methods combined with the visualization technique of
density-equalizing mapping provided a global picture of incentives and efforts on coronavirus research in 2020. Countries’ funding
patterns and their epidemiological and socioeconomic characteristics as well as their publication performance data were included.
Results: Research output exploded in 2020 with momentum, including citation and networking parameters. China and the
United States were the countries with the highest publication performance. Globally, however, publication output correlated
significantly with COVID-19 cases. Research funding has also increased immensely.
Conclusions: Nonetheless, the abrupt decline in publication efforts following previous coronavirus epidemics should demonstrate
to global researchers that they should not lose interest even after containment, as the next epidemiological challenge is certain to
come. Validated reporting worldwide and the inclusion of low-income countries are additionally important for a successful future
research strategy.
(J Med Internet Res 2021;23(9):e30692) doi:10.2196/30692
KEYWORDS
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Introduction
In December 2019, a new coronavirus (CoV) variant infected
some patients in China. It was transmitted at a seafood and wet
animal wholesale market in Wuhan city, Hubei Province. This
novel zoonotic coronavirus was named SARS-CoV-2 because
it also causes severe acute respiratory syndrome (SARS) [1].
Previously detected coronaviruses such as SARS-CoV and
Middle East Respiratory Syndrome (MERS)-CoV led to
temporary pandemics and consequently to serious public health
challenges, which, however, came to an end with the
containment of the diseases and their spread. The first cases of
the infectious disease caused by SARS-CoV-2, designated
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COVID-19, indicated the beginning of an outbreak that would
become a still ongoing global pandemic on a scale not seen
since the Spanish flu in 1918, which killed up to 50 million
people [2].
As of this analysis (January 12, 2021), more than 93 million
COVID-19 cases have been confirmed, with the number
continuing to rise rapidly. Over 2 million people have died in
association with SARS-CoV-2 infection as of that date [3]. The
enormous impact is catastrophic and affects all areas of public,
political, economic, and private life. For sure, it will for a long
time. The associated demands and restrictions on citizens and
the social systems of all nations are undeniable.
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Indeed, it was expected that the number of publications on CoV
would increase sharply in 2020, but to what extent and with
what participation were not clear [4]. There already have been
some studies on the general output of COVID-19–related
publications [5-7]. In addition, however, it is necessary to
identify and evaluate the general and national research efforts
according to additional influences such as epidemiological and
funding characteristics to enable successful and determined
planning, funding, and implementation of science-based research
in the future that reaches all necessary areas through balanced
multidisciplinary research.
To achieve this objective, this study mapped the world according
to various influencing factors, leading to an advanced and
meaningful assessment of the research of the first COVID-19
pandemic year 2020, which will certainly not be the last.

Methods
Methodological Platform and Data Source
This study followed the methodological approach of the
bibliometric platform New Quality and Quantity in Science
(NewQIS) [8]. For the first time, NewQIS combined
bibliometric analyses with density-equalizing mapping (DEMPs)
[9] to depict the global publication landscape on scientific topics.
DEMPs enable the rapid acquisition of large-scale data. In this
process, countries are distorted according to the
density-equalizing principle applied by an algorithm developed
by Gastner and Newman [9]. The result is a distorted world
map according to the respective evaluation parameter, with
countries with high values enlarged and countries with low
values reduced.
The aim was to provide solid information on research patterns
in terms of trends, incentives, challenges, obstacles, and
necessities for all parties involved. Socioeconomic parameters
and research-specific conditions at the country level were
included in the analyses to assess regional performance
according to the need for valuable and balanced research that
is accessible and appropriate for all parts of the world.

Search Strategy
To capture all CoV-related articles published in 2020, the
following elaborated search term was applied in the Web of
Science Core Collection (WoS) search field: Title: “corona
virus*” OR “coronavirus*” OR “SARS” OR “MERS” OR
“covid-19” OR “severe acute respiratory syndrome” OR “middle
east respiratory syndrome” AND Topic: virus* OR epidem*
OR CoV OR Co-V OR patient* OR outbreak* OR “corona
virus” OR “coronavirus” OR “covid-19” OR “severe acute
respiratory syndrome” OR “middle east respiratory syndrome”.
This string ensured the representativeness of the database
generated. Then, the entries were filtered by original articles to
base the evaluation on actual research on coronavirus. No
language filter was applied. The year 2020 was chosen as the
time frame. The date of data collection was January 12, 2021.
The metadata of the datasets collected in this way were stored
and sorted according to the individual evaluation parameters
and linked by assigning identification numbers to each entry.
https://www.jmir.org/2021/9/e30692
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Some parameters had to be additionally corrected manually,
such as matching institution names and funding sources.

Utilized Parameters and Analyses
In addition to established bibliometric parameters such as
publication performance, citation parameters, and networking,
CoV-specific parameters were also analyzed in this study. These
relate to epidemiological characteristics (numbers of cases
associated with COVID-19 [3]), socioeconomic characteristics
(gross domestic product [GDP], population size), and funding
characteristics of the publishing countries. The socioeconomic
and epidemiological parameters were used as absolute numbers
to allow comparison with absolute publication numbers. The
use of per capita values would also require the use of publication
figures per capita, which would be redundant when calculating
the ratio. International collaborations were defined by the
participation of at least two countries of origin, as indicated in
the author's affiliations. China and Taiwan were analyzed
separately.
In addition, an analysis of the development of publication and
citation numbers in 10 time intervals, into which the year 2020
was divided, was carried out. Furthermore, an analysis of
research areas was performed employing clustering with the
application VOSviewer developed by van Eck and Waltman
[10]. Author keywords were clustered and displayed by nodes
and connecting lines that represent the different research areas.

Methodological Limitations
Although the methodology used provides a valid source of data,
some limitations must be considered when evaluating the results.
First, all analyses can only be as good as the database used. For
all NewQIS studies, WoS serves as the standard data source.
Despite the often-documented English bias and the limitation
of a somewhat restricted dataset, according to the high indexing
requirements [11], the database provides representative and
qualitative results for the further analyses of this study [12].
Some entries had to be manually unified, such as funding
sources, which is a nonrepeatable, standardized procedure. In
addition, citation-based analyses are prone to error and cannot
be considered a proxy for research quality. Nevertheless, the
combination of applied ones provides a deep insight into
publication performance.

Results
Main Research Foci of CoV Research in 2020
COVID-19 as the most frequently occurring keyword indicates
that almost all coronavirus research in 2020 related to
SARS-CoV-2 infection, as confirmed by a manually performed
review of the articles included in the database.
In addition, analysis of the most frequently used keywords
(threshold: 200 occurrences) revealed 4 thematic clusters dealing
with the psychological and physical impacts of COVID-19,
immunological and biochemical issues, and epidemiological
and public health issues (Figure 1). The articles could mainly
be assigned to the WoS categories “General and Internal
Medicine” (n=8488), “Public, Environmental & Occupational
Medicine” (n=2845), “Infectious Diseases” (n=1830), “Science
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Science & Ecology” (n=1397), and “Psychiatry” (n=1116).

Figure 1. Clusters of keywords (threshold: 200 occurrences). Red: psychological health effects; blue: physical health effects and mortality; green:
biochemistry and cell biology; yellow: epidemiology and public health.

Evolution of CoV Research in 2020
Applying search terms yielded 67,437 publications on CoV in
2020, of which just under half were original articles (n=32,402)
that comprised the analysis database. Of the other document
types, 12,435 were letters, 12,245 were editorial material, 6956
were classified as early access, and 6556 were reviews, to name
the most common publication types. Looking at the overall
evolution of CoV research, the year 2020 was exorbitantly
outstanding (Figure 2). The epidemics of SARS in 2003 and
MERS in 2012 caused the number of articles to increase to 679
in 2004 and to 340 in 2016, which decreased as soon as the
epidemics were contained [4]. These figures show that the
number of articles on CoV in 2020 was almost 50 times higher
than in the previous peak year of 2004.
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Although the 2020 articles are still very young to generate a
significant number of citations and thus recognition in the
scientific community, which underlies a citation half-life of 7-8
years for biomedical articles, some articles already received an
exceptionally high number of citations. The 10 most frequently
cited articles are summarized in Table 1. They were published
in high-impact journals and are predominantly from China,
where SARS-CoV-2 first appeared. Two international
collaborations are also represented in the ranking: 1 is an
international collaboration of German, Austrian, and Russian
scientists, and the other is a Chinese-Australian partnership. All
received financial support through government programs from
China or Germany.
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Figure 2. Development of the numbers of articles about coronavirus research. The comparative figures from 1970-2019 are taken from a previous
study by Klingelhöfer et al [4] to show the immense increase in publication numbers in 2020. MERS: Middle East Respiratory Syndrome; SARS: Severe
Acute Respiratory Syndrome.

Table 1. Most frequently cited articles on coronavirus (CoV) in 2020 (as of January 12, 2021).

a

Authors (location)

Number of
citations

Title

Source

Huang et al [13] (China)

8978

Clinical features of patients infected with 2019 novel coronavirus in Wuhan, China

The Lancet

Guan et al [14] (China)

5824

Clinical characteristics of coronavirus disease 2019 in China

NEJMa

Wang et al [15] (China)

5353

Clinical characteristics of 138 hospitalized patients with 2019 novel coronavirus-infected pneumonia in Wuhan, China

JAMAb

Zhou et al [16] (China)

4987

Clinical course and risk factors for mortality of adult inpatients with COVID-19 in
Wuhan, China: a retrospective cohort study

The Lancet

Zhu et al [17] (China)

4865

A novel coronavirus from patients with pneumonia in China, 2019

NEJM

Chen et al [18] (China)

4525

Epidemiological and clinical characteristics of 99 cases of 2019 novel coronavirus
pneumonia in Wuhan, China: a descriptive study

The Lancet

Zhou et al [19] (China)

3762

A pneumonia outbreak associated with a new coronavirus of probable bat origin

Nature

Li et al [20] (China)

3101

Early transmission dynamics in Wuhan, China, of novel coronavirus-infected pneumo- NEJM
nia

Hoffmann et al [21] (Germany, Austria, Russia)

2717

SARS-CoV-2 cell entry depends on ACE2 and TMPRSS2 and is blocked by a clinically proven protease inhibitor

Lu et al [22] (China, Australia)

2439

Genomic characterisation and epidemiology of 2019 novel coronavirus: implications The Lancet
for virus origins and receptor binding

Cell

NEJM: New England Journal of Medicine.

b

JAMA: Journal of the American Medical Association.
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Highest Publishing Countries on CoV in 2020

United States had the most publications (n=9018), followed by
China (n=5053), Italy (n=3195), the United Kingdom (n=3135),
and India (n=1847; Figure 3A).

In total, 170 countries or autonomous regions participated in
research on CoV in 2020 that was indexed in WoS. By far, the

Figure 3. Density-equalizing maps showing the (A) number of articles, (B) number of citations, and (C) citation rate (citations per article), threshold
>30 articles.

In contrast, China received the most citations (n=155,522). The
United States got considerably fewer citations on their
CoV-related articles (n=86,003). It is followed by the United
Kingdom (n=29,840), Italy (n=28,530), and Germany
(n=18,695). India ranked only 12th with 6351 citations (Figure
3B).
Resulting from these numbers, China also led the ranking when
looking at the citation rates of countries with at least 30 articles
on CoV in 2020 (threshold) with a citation rate of 30.78. It was
followed by the Netherlands (citation rate=19.56), Russia
(citation rate=17.04), Austria (citation rate=16.18), and Vietnam
(citation rate=16.07). In this term, the United States and the
United Kingdom ranked nearly similarly, at only 22nd (citation
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rate=9.54) and 23rd (citation rate=9.52), and India was even
only ranked at 79th (citation rate=3.44; Figure 3C).
The dominance of US-American and Chinese researchers in
terms of CoV research over the entire year 2020 could be shown
by the numbers of articles and citations. Nevertheless, their
share varied over the year. While Chinese articles dominated
in the early phase, US-American articles gained momentum as
the year progressed. The United Kingdom’s share also increased
during the year, eventually overtaking the share of Italy (Figure
4A). The same holds true for the trend in the number of citations,
although this depends on the minimum time the articles had to
generate citations by other publications (Figure 4B).

J Med Internet Res 2021 | vol. 23 | iss. 9 | e30692 | p.1499
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Klingelhöfer et al

Figure 4. Development in 2020 of the 10 countries with the highest number of articles, including the (A) number of articles on the topic of coronavirus
and (B) number of citations of the articles on the topic of coronavirus.

A broad international network on CoV research has developed,
with the United States and China being the main cooperation
countries with 800 collaborations (Figure 5). In general, the
United States acts as the main core country when considering
international partnerships. In addition to the Chinese
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collaborations, there were 640 collaborations with the United
Kingdom, 496 collaborations with Italy, and 496 collaborations
with Canada, to name the most collaborating nations. There
were 412 collaborations between the United Kingdom and Italy
and 279 collaborations between Italy and Spain.
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Figure 5. International network on coronavirus (threshold 35 collaborations).

Factors Influencing CoV Research in 2020
Epidemiological Factors
To consider the need for research on CoV according to the
national burden of disease, the relationship of the number of
articles on CoV to nationally registered cases of COVID-19 (as
of January 18, 2021) was analyzed. The coefficient of
determination was r2=0.64 (Figure 6A) showing a significant
correlation (Spearman; P<.001). China showed the highest
distance from the regression line (residual) toward a favorable
publication performance (negative values), while India, the
United States, and Brazil showed the highest deviations toward
a more negative relationship (positive values). The most
publishing European countries were also in the positive range
of deviation from the regression line but on a lower level than
China (Figure 6B).
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To provide a picture of the occurrence of COVID-19 cases, a
DEMP was generated showing the corresponding distortions
on the world map (Figure 6C), with the highest numbers
occurring in the United States, India, Brazil, Russia, the United
Kingdom, France, Italy, Spain, and Germany, to indicate the
countries with more than 2 million cases by January 18, 2021
(date of data collection) [3]. Relating these numbers to
COVID-19 cases by calculating the ratio of countries (RCASES)
with at least 30 articles on CoV (threshold), southeastern
countries were ahead. New Zealand, with only 1900 registered
cases, could be ranked first (RCASES=1105.26), followed by
Vietnam (RCASES=1099.54), China (RCASES=512.34), Australia
(RCASES=438.50), and Thailand (RCASES=119.46). On the other
hand, among the most publishing countries besides China, Italy
ranked next at 21st, followed by the United Kingdom (26th),
Germany (30th), the United States (51st), and India (69th) due
to their enormous incidence rates (Figure 6D).
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Figure 6. Relationship between the number of articles and COVID-19 cases per country, based on (A) linear regression (logarithmic display of y-axis),
with red indicating the countries with an unfavorable ratio in terms of the number of articles among the top 30 countries; (B) residuals of the linear
regression of the 30 most publishing countries, with red indicating the countries with an unfavorable ratio in terms of the number of articles; (C)
density-equalizing map projection of the number of COVID-19 cases as of January 18, 2021; (D) density-equalizing map projection of the ratio between
the number of articles and the number of COVID-19 cases (threshold >30 articles).

Socioeconomic Factors
The inclusion of socioeconomic features of the publishing
countries revealed a different ranking. The first ratio related the
publication output per country with its economic power (ranked
GDP [RGDP]). When looking at the countries with more than
100 articles on CoV in 2020, Jordan, as an upper-middle-income
economy, led the ranking (RGDP=1543.10). It was followed only
by
high-income
economies
until
position
21
(upper-middle-income economy=South Africa). Rank 2 could
be attributed to Italy (RGDP=1438.54), followed by Switzerland
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(RGDP=1325.11), New Zealand (RGDP=1201.37), and Israel
(RGDP=1178.45). In addition, the number of articles was
significantly correlated with gross expenditures on research and
development in purchasing power parity in international $ (ppp$;
Spearman, P<.001).
In terms of the population size (RPOP) of the same countries,
only high-income countries were leading. Switzerland ranked
first (RPOP=80.08), followed by Norway (RPOP=45.20), Israel
(RPOP=42.82), Belgium (RPOP=42.25), and Austria (RPOP=39.95;
Table 2).
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Table 2. Socioeconomic parameters, by country, in descending order by RGDP [23].
Country

n

GDPa in US
$1000 billion

RGDPb

Rank RGDP

Population in
millions

RPOPc

Rank RPOP

Jordan

133

0.09

1543.10

UMId 1

8.19

16.25

UMI 1

Italy

3195

2.22

1438.54

HIe 1

62.01

51.53

HI 5

Switzerland

655

0.49

1325.11

HI 2

8.18

80.08

HI 1

New Zealand

210

0.17

1201.37

HI 3

4.47

46.93

HI 8

Israel

350

0.30

1178.45

HI 4

8.17

42.82

HI 11

United Kingdom

3135

2.79

1124.46

HI 5

64.43

48.66

HI 6

Australia

1258

1.19

1058.03

HI 6

22.99

54.71

HI 3

Denmark

270

0.26

1019.64

HI 7

5.59

48.27

HI 7

Greece

286

0.29

984.51

HI 8

10.77

26.55

HI 21

Portugal

289

0.30

972.74

HI 9

10.83

26.68

HI 20

Belgium

482

0.51

947.70

HI10

11.41

42.25

HI 12

Spain

1600

1.69

946.75

HI 11

48.56

32.95

HI 17

Singapore

441

0.49

905.73

HI 12

5.78

76.27

HI 2

Austria

348

0.42

836.74

HI 13

8.71

39.95

HI 13

Canada

1377

1.67

822.58

HI 14

35.36

38.94

HI 15

Ireland

256

0.32

789.39

HI 15

4.95

51.69

HI 4

Sweden

392

0.50

786.99

HI 16

9.88

39.67

HI 14

Netherlands

629

0.87

726.41

HI 17

17.02

36.96

HI 16

Norway

238

0.36

652.59

HI 18

5.27

45.20

HI 10

Finland

153

0.24

639.63

HI 19

5.50

27.83

HI 19

South Africa

384

0.74

521.53

UMI 2

54.30

7.07

UMI 5

Turkey

848

1.67

507.78

UMI 3

80.27

10.56

UMI 2

Hungary

135

0.27

504.48

HI 20

9.87

13.67

HI 26

United States

9018

18.56

485.88

HI 21

324.00

27.83

HI18

France

1236

2.74

451.59

HI 22

66.84

18.49

HI 25

Iran

649

1.46

444.83

UMI 4

82.80

7.84

UMI 3

Pakistan

430

0.99

435.13

LMIf 1

202.00

2.13

LMI 3

Chile

181

0.44

415.04

HI 23

17.65

10.25

HI 29

Germany

1623

3.98

407.89

HI 24

80.72

20.11

HI 24

Morocco

109

0.28

385.43

LMI 2

33.66

3.24

LMI2

Romania

160

0.44

362.81

HI 25

21.60

7.41

HI 32

Saudi Arabia

623

1.73

359.91

HI 26

28.16

22.12

HI 23

Poland

368

1.05

349.81

HI 27

38.52

9.55

HI 31

Brazil

1058

3.14

337.48

UMI 5

205.82

5.14

UMI 6

Qatar

105

0.33

313.90

HI 28

2.26

46.50

HI 9

Czech Republic

109

0.35

310.63

HI 29

10.64

10.24

HI 30

Bangladesh

190

0.63

302.36

LMI 3

156.19

1.22

LMI 6

South Korea

574

1.93

297.56

HI 30

50.92

11.27

HI 28

Egypt

325

1.11

294.12

LMI 4

94.67

3.43

LMI 1

Vietnam

169

0.59

284.08

LMI 5

95.26

1.77

LMI 4

https://www.jmir.org/2021/9/e30692

XSL• FO
RenderX

J Med Internet Res 2021 | vol. 23 | iss. 9 | e30692 | p.1503
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

a

Klingelhöfer et al

Country

n

GDPa in US
$1000 billion

RGDPb

Rank RGDP

Population in
millions

RPOPc

Rank RPOP

Taiwan

315

1.13

280.00

HI 31

23.46

13.42

HI 27

Malaysia

234

0.86

270.90

UMI 6

30.95

7.56

UMI 4

China

5053

21.27

237.56

UMI 7

1373.54

3.68

UMI 8

Colombia

159

0.69

230.30

UMI 8

47.22

3.37

UMI 9

United Arab Emirates

153

0.67

229.32

HI 32

5.93

25.81

HI 22

India

1847

8.72

211.79

LMI 6

1266.88

1.46

LMI 5

Argentina

173

0.88

196.73

UMI 9

43.89

3.94

UMI 7

Nigeria

211

1.09

193.76

LMI 7

186.05

1.13

LMI 7

Mexico

310

2.31

134.37

UMI 10

123.17

2.52

UMI 10

Thailand

144

1.16

124.03

UMI 11

68.20

2.11

UMI 11

Japan

605

4.93

122.67

HI 33

126.70

4.77

HI 33

Russia

269

3.75

71.83

UMI 12

142.36

1.89

UMI 12

Indonesia

187

3.03

61.76

UMI 13

258.32

0.72

UMI 13

GDP: gross domestic product.

b

RGDP: ratio of number of articles and GDP in US $1000 billion.

c

RPOP: ratio of number of articles and population in millions.

d

UMI: upper-middle-income [23].

e

HI: high income [23].

f

LMI: lower-middle-income [23].

Funding Factors

hospitals, research institutions, nonprofit organizations, and
private companies, among others (Table 3).

In total, 17,590 articles received 27,150 grants from many
governments and other funding agencies, including universities,
Table 3. Coronavirus research funding in 2020.
Funder

Number of grants

Governments

17,334

Universities/collages

4264

Trust/foundations

2004

International

967

Companies

947

Hospitals/health care

833

Societies/associations

379

Research institutes

186

Nonprofit organizations

95

Charities

52

Banks (private, nonprivate)

42

Networks/platforms

36

Parishes/churches

6

Publishers/journals

3

Unions

2

The government that funded the most CoV research was that
of China (number of grants=6342), followed by the United
States (number of grants=3983), the United Kingdom (number
https://www.jmir.org/2021/9/e30692
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of grants=1179), Spain (number of grants=589), and Brazil
(number of grants=504; Figure 7A). Thus, China — as the only
country — had awarded more grants than published articles,
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resulting in a rate of 1.26 grants per article. Applying the
methodological 30-article threshold, the next highest rate was
achieved by South Korea (0.58 grants per article), followed by
Brazil (0.48 grants per article), the United States (0.44 grants
per article), and the Czech Republic (0.44 grants per article).
Looking at university funding, the United States supported the
most CoV research (number of grants=1023; Figure 7B),

Klingelhöfer et al
followed by China (number of grants=899), the United Kingdom
(number of grants=215), Saudi Arabia (number of grants=173),
and Italy (number of grants=164). Analysis of hospital grants
showed China at the top (number of grants=222; Figure 7C),
followed by Brazil (number of grants=161), the United States
(number of grants=160), France (number of grants=53), and
Italy (number of grants=27).

Figure 7. Density-equalizing maps of funding for coronavirus-related research, including (A) governmental funds, (B) university funds, and (C) hospital
funds.
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In the analysis of individual funders, the US National Institutes
of Health led the way, followed by the Chinese National Natural
Science Foundation, the European Union, the British National

Klingelhöfer et al
Institutes for Health Research, and the Wellcome Trust based
in London, United Kingdom. The top 10 funding organizations
are listed in Table 4.

Table 4. Top 10 funders supporting coronavirus research.
Funder

Number of grants

US National Institutes of Health (NIH)

2505

National Natural Science Foundation of China (NSFC)

1467

European Union (EU)

861

UK National Institute for Health Research (NIHR)

390

French National Research Agency (ANR)

343

Wellcome Trust United Kingdom

192

Brazilian National Council for Scientific and Technological Development (CNPq)

169

Chinese Academy of Sciences (CAS)

132

Bill & Melinda Gates Foundation

120

Chinese Academy of Medical Science (CAMS)

110

Discussion
Principal Findings
Undoubtedly, it is not surprising that the year 2020 was marked
by an immense increase in the number of publications on CoV
that addressed SARS-CoV-2 infections. Nevertheless, the scale
of increase is surprising: from 289 articles in 2019 to 32,402
articles in 2020 — more than a 100-fold growth.
The global COVID-19 pandemic threatens all countries’
societies with high incidence and mortality rates, so the scientific
community vehemently sought solutions to contain this viral
infection and the resulting symptoms through various
approaches. These followed the interests of the national
governments, which funded scientific endeavors just as highly.
Nevertheless, the proportion of original articles was relatively
low compared to publications on other biomedical topics that
are currently the talk of the town, such as climate change, where
the share of articles is almost 70%, while the proportion of
original research documented in CoV publications is less than
50% with a large proportion of letters and editorial material. A
comparison between US-American and Chinese publications
showed that the United States followed this result with nearly
70% of the article share, while Chinese articles accounted for
over 90% [24]. Under the conditions of the present study, this
pattern seems to be overridden in favor of shorter document
types — also in the sense of rapid publication.
A closer look at the published document types also revealed
that 15 papers had to be retracted although they had not even
been published for a year. This demonstrates the immediacy
with which results had to be published and the susceptibility to
error that this occasionally entails. The pressure to be the first
to publish on a new approach and deliver new results, and not
be overtaken by colleagues working on the same topic, became
very exigent in research on CoV in the 2020s.
The citation speed is similarly rapid. Three high-impact articles
with more than 5000 citations were published in 2020 —
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remarkable because these papers have not yet had a year to be
read or cited. The Chinese author groups reported clinical
features of COVID-19 patients hospitalized in Wuhan [13-15].
Certainly, these findings have been taken up as background
information for many subsequent articles.
Nevertheless, this extremely rapid publication activity, albeit
at a much lower level, could also be demonstrated for the SARS
and MERS epidemics, with a notable loss of research effort
once the threat had subsided [4]. Had this not occurred, the state
of knowledge at the onset of the SARS-CoV-2 outbreak would
certainly have been sounder and the resulting measures better
scientifically validated. These patterns should therefore be
considered when the current pandemic has hopefully soon
subsided.
It is also not surprising that in early 2020, most articles were
submitted by Chinese authors reporting clinical manifestations
that occurred during the outbreak in Wuhan, which was also
noted in a study using the COVID-19 Open Research Dataset
[25]. Subsequently, US-American researchers overtook the
Chinese in terms of volume and citations received. Nevertheless,
China has received the most citations so far, which is because
of early publication. Articles published later have not had the
time to receive so many citations. How these numbers will
continue to evolve is for later studies to show. It is also not
surprising that the share of Italian articles decreased slightly,
considering the extreme incidence rates in Italy at the beginning
of 2020. As the numbers of COVID-19 cases and mortality rates
dropped, so did study numbers in Italy. As a result, Italy's share
was overtaken by the British, which is not surprising due to the
usually high share of British articles corresponding to the highly
developed scientific infrastructure. However, the evaluation of
the relationship between research performance and the number
of cases showed that Italy was still in second place in the ranking
of our study. Here, China was able to present itself best. The
United States, which ranks first in absolute numbers in our
analysis, together with India and Brazil showed a rather negative
deviation due to by far the highest number of cases.
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In this context, the success of the Chinese COVID-19 control
must be pointed out. Certainly, the centralized epidemic
response system functioning and radical surveillance had played
its part. In addition, the SARS epidemic, which was
accompanied by a huge mortality rate in China in 2013, was
not long ago, so the awareness and compliance of the Chinese
population were still very high. Both lead to an extremely fast
and strict response [26,27]. In particular, in contrast to the policy
response of the government of the United States, which was
sparse and delayed under the regime of former President Trump,
who even refused to wear a mask for a long time, China had a
very quick response and was stringent with its containment
measures.
Nevertheless, the US research output passed China’s during
2020. It is partly assumed that the key position of US-American
science will soon be overtaken by Chinese research. However,
the scientific infrastructure of the United States is profound and
well prepared for rapid adaptation and ramp-up. Currently, both
countries are certainly competing for the top spot in global
research performance.
The dynamic nature of global CoV publication output led to the
similarly dynamic development of its perception in the scientific
community, resulting in enormous citation numbers already in
the first year. The outbreak location in China and the reporting
of hospitalized patients there with the first COVID-19 symptoms
explain the high citation rate of Chinese articles, which was not
presentable for other research topics.
The recognition that the virus forms a sister clade to SARS-CoV
led to the taxonomy of SARS-CoV-2 by the Coronaviridae
Study Group (CSG) of the International Committee on
Taxonomy of Viruses. The involvement of the Netherlands in
the CSG contributes to its high citation rate (rank 2 behind
China) because the term is internationally accepted, and
subsequent publications naturally are in unison on the
designation of SARS-CoV-2 [28]. In addition to the Netherlands,
Russia, among others, was also involved in this taxonomy
procedure, ranking therewith third in national citation rates.
Moreover, Russia, together with Germany (rank 16) and Austria
(rank 4), was also involved in the highly cited cell biology study
by Hoffman et al [21]. This study identifies
angiotensin-converting enzyme 2 as the entry receptor and a
cellular serine protease as priming the spike protein with the
possibility of its blocking by proven inhibitors. Since the
research field “biology and biochemistry” was identified as one
of the 4 focus clusters, the importance and the level of its
perception are explainable. The other key clusters addressing
mental and physical health impairments as well as public health
and epidemiology issues are related to the other high-impact
studies identified.
When the publication numbers are related to the number of
COVID-19 cases, other countries showed up in leading
positions. With New Zealand, Vietnam, China, Australia, and
Thailand at the top, parts of the eastern and southeastern world
showed leading performances due to their very low case
numbers in combination with relatively high publication
numbers. Countries’ awareness of the problem influences not
only the containment of the pandemic but also their research
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efforts and the amount of government spending on research and
development. The success of achieving low case numbers was
explained by the rapid implementation of nonpharmaceutical
measures, determined responses, rigor and brevity of
containment measures, and testing strategies by public health
authorities [29,30]. Vietnam's effective response is also
explained by its early preparation and strict control measures
such as contact tracing, isolation, and mass testing combined
with border closures. The same is true for other countries that
have been successful in reducing the COVID-19 spread [31].
The success of Thailand was furthermore explained by
hospitalizing any person with SARS-CoV-2 infection even
without symptoms and also by demographic and environmental
reasons, such as the high proportion of people living in rural
areas and spending much time outdoors [32].
Africa has the lowest confirmed case rate of any continent. Only
South Africa reported numbers among the 20 most-affected
countries. [3] This is also reflected in the corresponding
publication performance and also the related distorted maps.
Beneficial demographic and geographic factors have been shown
to have a significant negative correlation with the number of
COVID-19 cases (eg, population density, temperature) [33].
Nevertheless, the low incidence rates in countries with poor
health care systems and the associated low quality of the tests
are often questioned. High risk is associated with misdeclaration
or misreporting of the COVID-19 development. Therefore,
globally transparent and traceable reporting is of immense
importance, and the development in these regions must be
closely monitored in the future [34].
On the other hand, regions with extremely high case numbers,
such as the United States, India, Brazil, and some European
countries, were proportionally more involved in CoV research.
That is also shown by the correlation between COVID-19 cases
and article numbers, which is highly significant. Only Russia,
with the fourth highest case numbers, fell slightly behind but
still shows an enhanced contribution rate to CoV research
compared to other scientific topics.
This is also made possible by the intensive funding of the
governments of the severely affected countries. In line with
these figures, the high Italian case numbers prompted unusually
high levels of cooperation with the United States, the United
Kingdom, and Spain.
Saudi Arabia, which ranks in the middle of COVID-19 case
numbers, was funded primarily through its universities, resulting
in a relatively high ranking in publication numbers. This is likely
due to the experience gained during the MERS epidemic, which
mainly affected Saudi Arabia, accounting for 77% of cases
globally. The results of an earlier analysis looking at CoV
research up to the COVID-19 outbreak showed that Saudi Arabia
even ranked 11th in overall publication performance [4]. Jordan,
where MERS cases are also occurring, also had a prominent
position in this analysis when socioeconomic characteristics
were included. Other countries still affected by MERS, such as
Egypt and Iran [35], are also in the field of CoV research in
2020 and are in the top 30.
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Conclusions
The awareness and preparedness of countries affected by
previous CoV epidemics also led to high interest in CoV
research during the 2020 COVID-19 crisis. Although disease
containment may have led to a rapid decline in publication
numbers, this experience appears to have been so fresh that the
propensity for ad hoc research was high. On the other hand,
maintaining a reasonable level of interest would have resulted
in a better scientific baseline for all containment efforts at the
onset of COVID-19 worldwide. This lesson learned should be
kept in mind for all future research planning.

Klingelhöfer et al
The results of this study demonstrate the extraordinary
momentum of CoV research in 2020 due to the ongoing global
spread of COVID-19. They also reveal the need for continued
interest and dedication by scientists even after pandemics are
contained. It is to expect that the next pandemic will come and
also become a threat anywhere in the world. Well-prepared and
sound scientific support enables decisive measures. The
experience of highly developed scientific nations must be linked
with that of less developed research structures to be of global
benefit.
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Abstract
Background: The COVID-19 outbreak required prompt action by health authorities around the world in response to a novel
threat. With enormous amounts of information originating in sources with uncertain degree of validation and accuracy, it is
essential to provide executive-level decision-makers with the most actionable, pertinent, and updated data analysis to enable them
to adapt their strategy swiftly and competently.
Objective: We report here the origination of a COVID-19 dedicated response in the Israel Defense Forces with the assembly
of an operational Data Center for the Campaign against Coronavirus.
Methods: Spearheaded by directors with clinical, operational, and data analytics orientation, a multidisciplinary team utilized
existing and newly developed platforms to collect and analyze large amounts of information on an individual level in the context
of SARS-CoV-2 contraction and infection.
Results: Nearly 300,000 responses to daily questionnaires were recorded and were merged with other data sets to form a unified
data lake. By using basic as well as advanced analytic tools ranging from simple aggregation and display of trends to data science
application, we provided commanders and clinicians with access to trusted, accurate, and personalized information and tools that
were designed to foster operational changes and mitigate the propagation of the pandemic. The developed tools aided in the in
the identification of high-risk individuals for severe disease and resulted in a 30% decline in their attendance to their units.
Moreover, the queue for laboratory examination for COVID-19 was optimized using a predictive model and resulted in a high
true-positive rate of 20%, which is more than twice as high as the baseline rate (2.28%, 95% CI 1.63%-3.19%).
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Conclusions: In times of ambiguity and uncertainty, along with an unprecedented flux of information, health organizations may
find multidisciplinary teams working to provide intelligence from diverse and rich data a key factor in providing executives
relevant and actionable support for decision-making.
(J Med Internet Res 2021;23(9):e24295) doi:10.2196/24295
KEYWORDS
COVID-19; medical informatics; decision-making; pandemic; data; policy; validation; accuracy; data analysis

Introduction
SARS-CoV-2 was first reported in Wuhan, China, by early
December 2019 [1,2] and by March 11, 2020, COVID-19 was
declared a pandemic by the World Health Organization [3]. To
date, the global reported death toll of the disease exceeds 1.5
million individuals, while many countries continue to struggle
with the pandemic and show an ascending number of cases and
mortality rate [4].
Under immense uncertainty, and based on ominous models
describing disease exponential expansion [5,6], Israel, like the
many other countries, began preparing for the potential threat
of the pandemic [7]. The Israel Defense Forces (IDF), one of
the largest organizations in the country, was responsible for all
health care–related aspects of its own personnel and also took
action on the national front and maintained full preparedness
for any of its assignments and duties—military and civilian.
One of the key understandings early during response-planning
was the paramount importance of reliable data as a substrate
for policy changes and decision-making [8,9]. With this mindset,
the IDF surgeon general commissioned the establishment of an
operational IDF Data Center for the Campaign against
Coronavirus (ID3C) in March 2020. The ID3C was ordered to
collect and analyze data from all venues and produce concise,
data-driven, up-to-date, and relevant recommendations to guide
both medical and commanding echelon policy makers.
This paper describes the assembly of the ID3C, the architecture
of data utilization, and few samples of the deliverables for which
the center was responsible. With much more to learn about the
COVID-19 response, worldwide authorities and medical
communities strive for quality data as the base for their decisionand policy-making [8-10]. We believe that sharing the lessons
from our experience of creating a data center amid a raging
pandemic can help other organizations to respond currently an
in future to this global event and to other incidents where prompt
effective action needs to be based on robust data.

general population, mostly owing to the age of the young
population and a relatively low rate of individuals with known
risk factors for severe disease [11,12]. Notably, we considered
this a dynamic process, as the definition of risk factors kept
changing with more evidence accumulating globally at a very
high pace [13]. In addition, based on reports suggesting a
relatively high rate of asymptomatic individuals among young
adults [14,15], we created a digital pathway to shorten the time
from patient diagnosis to the completion of contact-tracing.
Throughout the process, we weighted the impact of disease
spread and policy modifications against the need for
preparedness, and assessed the cost-effectiveness of the
measures taken by using accurate data.

Modus Operandi
First, we launched an extensive mapping of data sources and
assessed the quality of data required to plan a unified data lake
diverse enough to establish prediction models to act on. Next,
we prioritized mirroring of trends and basic insights from
aggregated data to serve as actionable information for
executives. The design of a digital platform that will allow them
to easily access it followed with the main vectors of action
(Figure 1):
1.

2.
3.
4.

Methods
Methods Overview
The first step of designing the ID3C was rooted in several key
assumptions. We assumed that the disease will have distinct
characteristics within our organization compared with the
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5.

Harnessing existing IDF data sets: the IDF has a
comprehensive digital data set of all service persons derived
from decades-long data collection as part of the recruitment
process of draftees, as well as electronic medical records
of all military personnel. These data were merged with other
“nonmedical” parameters on an individual and unit level
to deepen the understanding of factors related to the risk of
infection and deterioration to severe disease.
Construction of new COVID-19–specific information
platforms and sensors.
Importing and merging of relevant external data provided
by the Ministry of Health.
Unification of all data sets to 1 “data lake” and extraction
of actionable knowledge followed by the use of data science
tools to provide a means for pandemic management. The
main attempt was to identify trends and patterns to direct
the efforts to negate morbidity, especially among units
critical to the competence of the organization.
Provision of direct data accessibility to executives: a central
study objective was to improve executive-level involvement
by promotion of data-driven decision-making.
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Figure 1. Schematic overview of the rationale for the Israel Defense Forces' Data Center for the Campaign against Coronavirus. The operation was
based on the ability to bring together large databases into 1 central COVID-19 data lake. Consequently, 2 parallel efforts were conducted: the first
enabled executives and commanders in the organization to gain direct access to actionable data and insights, and the second used advanced analytics
to provide additional level of understanding, including using data science–based model to influence policy changes. DB: database.

Team Assembly
The ID3C was led by 3 executives from complementary
disciplines: a senior physician commanding officer, a senior
intelligence officer, and a senior information technology and
data officer. The ID3C comprised 5 small, specified task forces,
each consisting of medical personnel, a data specialist, and a
project manager. This was a first-of-its-kind military joint
venture organization synergizing Medical Corps with the
Computer and IT Directorate and intelligence officers. Lean
task forces were responsible for gathering relevant published
and collected data, providing clear insights and analyzing
merged data sets, while other teams oversaw the design of
“executive-friendly” dashboards.

Data Collection
To obtain relevant insights, the IDF COVIDataLake (CDL) was
created. The CDL is a fusion of existing data sets, existing
COVID-19–oriented data sets, and new data sets designed by
the ID3C. Existing data sets included medical records,
sociodemographic data obtained from a mandatory
prerecruitment survey, transportation usage, occupational
characteristics, unit characteristics (ie, unit under quarantine
conditions and age distribution), service characteristics (ie, daily
attendance, close encounter with civilians, etc). These data
helped estimate interactions among particular individuals once
a suspicion of infection arose. Newly formed
COVID-19–oriented data sets included the following:
laboratory-based COVID-19 reverse transcription polymerase
chain reaction (RT–PCR) test results of the IDF; central
command and control platform, which documented all suspected,
quarantined, and confirmed cases, as well as all registration of
all calls to the call center with structured fields to report on
symptoms and exposure to confirmed patients with COVID-19;
and special data annotations to highlight quarantined and
hospitalized personnel.
Based on the concept of the triple T (“trace, test, treat”) [16,17],
throughout the ID3C workflow, a system of surveys was
developed to collect data deemed essential for early
identification of suspected individuals; these included a habits
and baseline risk factors survey and a daily survey with a single
“yes/no” question regarding exposure and symptoms. For those
https://www.jmir.org/2021/9/e24295
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who had an indication of exposure or symptoms, a more detailed
survey was prompted automatically.
To improve the accuracy and efficiency of epidemiological
investigations, a designated web-based platform designed by
public health officers was introduced where all data from
conducted epidemiological investigations were maintained in
a structured database.
Lastly, as national-level data collection improved drastically,
several sources of data were found to be relevant for the IDF,
including daily reports of “hot zones”; a national patients
registry elaborating on symptom distribution and disease severity
by age; public symptoms surveys conducted through
open-source apps, health maintenance organizations, and the
Ministry of Health [18]; and risk models for progression to
severe disease developed by the “Clalit health services” [19].

Data Security and Ethics
The CDL was treated as a medical database in accordance with
national regulations. Data collection and analysis were approved
by institutional review board of the IDF Medical Corps
(submission 2082-2020).

Data Analysis and Predictive Data Science
The proportions of soldiers treated with respiratory symptoms
but without a COVID-19 diagnosis were compared between
units. The annotation of theses visits was available using natural
language processing techniques to search through medical
records and seek signs and symptoms related to COVID-19 (eg,
shortness of breath, fever, cough, anosmia, and ageusia). Units
were updated once an alarming increase in such visits was
evident as an early sign for a possible concealed cluster of
COVID-19 cases. Additionally, rates of individuals at risk for
severe disease were calculated on the basis of computerized
exploration of the medical records for a list for pre-existing
medical conditions and treatments, in accordance with updated
literature concerning risk factors for severe COVID-19.
Shortlists of all at-risk individuals at the unit level were provided
to the commanding level daily to reconsider the importance of
the individual in terms of the unit’s preparedness and
functionality.
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Machine learning models were used to optimize the IDF’s queue
for RT–PCR examination for COVID-19. The data points were
split into three sets: training, testing, and validation. The
validation set comprised 15% of the most recent data points.
This set was used to estimate the generalization error of the
model. A chronological partition was chosen so as not to
underestimate the generalization error: the data were observably
chronologically irregular, stemming from the rapid change in
the policies, guidelines, and spread of the disease. To deal with
these trends, 2 additional sources were incorporated into the
data set. First, cities and towns with high contagion counts were
recorded daily from public data provided by the Ministry of
Health. This allowed us to approximate the suspects’ risk of
exposure stemming from their city of residence. Second, the
number of quarantined personnel in the individual’s unit was
calculated from the IDF’s daily attendance record. This allowed
us to account for the current extent of quarantine and policies
mandated in the individual’s close work environment. Including
these 2 variables in the data set led to an observable
improvement in the models’ performance. The testing set was
used by the models’ internal optimization procedure to evaluate
intermediate trained models and to tune the models’ parameters.
The training set was used to train the intermediate models.
Models were evaluated in accordance with the intended use
case: prioritizing the RT–PCR testing queue, with the goal of
increasing the proportion of positive cases among those tested.
Given the typical daily laboratory capacity and queue length,
the score used to evaluate the models was the proportion of
true-positive cases among 10% of cases with the highest
predicted risk score. This is essentially the pretest probability
of the model, with a dynamic threshold (ie, the first predicted
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high-risk decile of the test queue, in contrast with a constant
risk score threshold). Data handling and utilization were
conducted using database SQL (Toad for Oracle, version 18c;
Quest Software Inc) and SAS (version 9.4, the SAS Institute).
Python (version 3.6, Python Software Foundation) was used
throughout the study. Preprocessing and exploratory data
analysis were conducted with Pandas and Seaborn Python
packages. The Scikit-learn Python package was used for training
and evaluation of models.

Results
Nearly 300,000 responses for daily questionnaires were recorded
by the end of July 2020 with compliance variance from 50% of
all personnel in some periods to less than 10% in most units
routinely.

Data Sharing Platforms for Executives
One centralized digital platform was designed to provide every
unit and senior commanders the following daily updated
information about their unit (Figure 2):
1.

2.

3.

Identifying individuals living in “hot zones”: indeed,
analysis conducted using military epidemiological data
revealed that 56% of disease contraction was outside of the
military base or activity.
Identifying individuals attending the unit, who are at risk
for severe disease: a decline of ~30% was observed in the
attendance of such individuals after the implementation of
this tool (Figure 3).
Notification on units with alarming clusters of respiratory
complaints.

Figure 2. ID3C 360° individual data components. The unique datasets collected during the operation of the ID3C included three layers of data in
particular: data set available routinely in the IDF, including medical records, a human-resources data set with demographic and occupational characteristics,
and daily attendance and logistic data including transportation usage; a new data set designated to collect COVID-19–related data such as laboratory
findings, epidemiological investigations' outputs, designated surveys, and confirmed cases' medical records; and external data sets from government
agencies, other health organizations, and open-source publications on broad population surveys. ID3C: Israel Defense Forces’ Data Center for the
Campaign against Coronavirus; IDF: Israel Defense Forces; HMO: health maintenance organization; MOH: Ministry of Health.
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Figure 3. Daily updated main display of the Israel Defense Forces’ Data Center for the Campaign against Coronavirus digital platform designed for
commanders' use. This includes the daily survey completion rate, which is the proportion of the unit’s potential (purple, top panel); red zones, which
refers to active soldiers living in an area with a high rate of infection (blue, second panel from the top); risk for severe illness, which refers to soldiers
with risk factors for severe disease if infected with SARS-CoV-2, who attend the unit (red, third panel from the top); and suggestive symptoms, which
is the proportion of on-duty soldiers presenting to unit's clinic for symptoms related to COVID-19 (increase rate refers to the increase in visits compared
to the past week; percentage of active potential refers to soldiers complaining of symptoms as a percentage from the weekly total unit’s attendance;
brown, bottom panel).

Data Sharing Platforms for Medical Personnel
Unit medical staff had access to a daily updated dashboard,
which contained the following information:
1.

2.

3.

Notification of individuals at high risk for severe disease:
direct communication between the ID3C and units’ primary
physicians
was
facilitated
with
respect
to
extremely-high-risk individuals by using the Clalit
algorithm.
Alert on individual cases that form a part of clusters
presenting with respiratory symptoms, allowing physicians
to revisit cases if an alarming number of patients with
suspicious symptoms presented at a specific clinic.
Medical indicators from surveys promoted proactive
summoning of individuals reporting suspicious symptoms
and exposures before they approached the clinic, and those
found to be at substantial risk were directed to undergo a
nasopharyngeal swab test.
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Optimization of the Queue for Laboratory-Based
COVID-19 Testing
For each individual in the examination queue, which included
thousands of individuals at peak periods, the model produced
a risk score, which was used to prioritize the predicted high-risk
suspect. Based on CDL, a prediction model was trained and
tested on 10,428 examinations and validated on additional 1698
examinations. The model indicated daily the potential top 10%
high-risk suspects with a very high pretest probability and
prioritized the processing of their nasopharyngeal swabs. This
optimization process resulted in a high true-positive rate of 20%
from among the total examination results processed, which was
more than twice as high (2.28%, 95% CI 1.63%-3.19%) as the
baseline true-positive rate (8.8%) without using the model
recommendation for the same period.
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Discussion
Principal Findings
We report here the origination of a COVID-19 dedicated
response by the IDF with the assembly of the ID3C. The
multidisciplinary team utilized existing and newly developed
platforms to collect and analyze large amounts of information
for each individual in the context of SARS-CoV-2 contraction
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and infection. With nearly 300,000 responses for daily
questionnaires merged into 1 data lake, we could identify
high-risk individuals, and we observed a 30% decline in their
attendance to their units (Figure 4). Moreover, we introduced
an optimization model for the queue for laboratory-based
COVID-19 testing and obtained a high true-positive rate, which
was twice as high as the baseline rate (20% vs 8.8%,
respectively).

Figure 4. The attendance of individuals deemed at high risk for severe disease in the Israel Defense Forces' units, between March 2 and May 13, 2020.
The graph shows a sharp decline in attendance with the implementation of the designated unit-specific tool, allowing to monitor the individuals at risk
for severe disease.

Both health care providers and leaders are in the midst of a
global crisis, which is characterized by extreme uncertainty and
unprecedented flux of information. In this “infodemic” and
pandemic, policy makers pursue trustworthy measures to help
them make strategic decisions in response to the threat [20,21].
A call for innovative, modern methods of rapidly collecting and
processing data has been made by countries and organizations
around the world from the beginning of the pandemic.
Taiwan—a neighboring country to China, which was one of the
first countries to be affected by the pandemic—took rapid action
by merging the borders and customs databases with their
national medical database to link clinical symptoms with flight
and travel history.
As early as January 2020, Sun et al [22] and Qin et al [23] used
social media searches to track the trends and spread of
COVID-19 through China. Indeed, web-based discussions on
social media platforms prompted an international group of
rheumatologists to create the COVID-19 Global Rheumatology
Alliance [24]. This alliance created a web-based registry in
which clinicians and researchers around the world could share
their knowledge and findings. The American Academy of
Dermatology, American College of Surgeons, American
Academy of Orthopedic Surgeons, Spanish Neurological
Society, and others have also created specialized registries to
track and analyze relevant data in their fields [25,26].
Many other methods have been implemented, such as web-based
surveys to detect the spread of the disease in the population
[27,28], and the use of machine learning techniques to quickly
and reliably test for COVID-19 by private firms such as
Infervision, Diagnostic Robotics, and others [29].
https://www.jmir.org/2021/9/e24295
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This atmosphere of uncertainty has many similarities to other
emergency situations, especially those concerning security,
where leaders depend on intelligence officers to provide them
with data and estimations. We describe here the prompt
establishment of a unique organizational structure set to provide
live intelligence, using a synergism of “conventional” military
intelligence methods, medical knowledge, and research, as well
as data-driven artificial intelligence platforms. The center was
based on multidisciplinary teaming, utilization of data, and
leaning on digital platforms for providing accurate, relevant,
and comprehensive information to executives. The novelty in
this process covers multiple aspects and was catalyzed by the
intensity of the challenge, and in fact fulfilled many of the
perspectives that health care professionals had envisioned in
the last decade with respect to the era of information,
personalized medicine, and digital health [30-32].
Identifying the engagement of medium-tier commanders as the
key to maximize the chance to make an impact dictated our
pivotal effort to design tools that would not merely end up with
data analysis but would be delivered almost immediately as
actionable data, to affect their daily routine. Similar to the
approach adopted by others, we found the delivery of accurate
and timely knowledge translation an inevitable effort in light
of the surging pandemic [33].
The tools used in the ID3C were designed to promote the
prevention of contagion, earlier detection of disease clusters,
and better control of at-risk individuals. Other data-driven tools
were actually developed in response to an emerging challenge
with an extreme shortage of RT–PCR testing and provided
optimization to make better use of existing testing methods [34],
J Med Internet Res 2021 | vol. 23 | iss. 9 | e24295 | p.1516
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using computer-aided prioritization of examinations, thus
increasing the proportion of positive test results and decreasing
the mean diagnosis time of positive cases.
Notwithstanding, the experience of collecting large amounts of
data provided valuable insights into the importance of careful
planning of the delicate architecture and the quality assurance
measures that are a “must-have” in this type of endeavor. Data
science and machine learning are very common “buzzwords”
in the discussion about the health care revolution [35-37], but
one should be very cautious to not overload expectations from
these set of tools, especially when the data are gathered at
different paces and through different channels. Moreover, this
emphasizes the need for local and global medical data sharing
among organizations and countries, which would be key for
enabling the utilization of emerging computational proficiencies
and potentially shed light on clinical interpretation of events,
thereby accelerating the discovery and validation of promising
interventions [8,38-40].
A centralized medical intelligence arm, where public health
officers, physicians, and data experts work together to construct
the process of data collection, analysis, and reflection, was found
to be very efficient and had a true synergistic value in our
experience. The ability to combine the technological arm that
designs and broadcasts the different applications for data
collection had an additional value and enabled swift changes
guided by real-time field feedback. This is further outlined when
compared with conventional public health methods primarily
based on manually collected data and the tendency to work in
isolated professional silos, limiting prompt data analysis and
action required to effectively respond to the current
COVID-19–imposed challenges [41]. The agility in producing
the right set of tools for constantly changing circumstances is
crucial for successful efforts in the long term, as the pandemic
changes and evolves.
A vital consideration we felt obligated to maintain was the high
standard of medical confidentiality, highly ethical standards of
data science research, and privacy of data. Despite the urgency
and the need to deliver data, we insisted on and maintained 2
separate routes of data flow: one for medical personnel and the
other for nonmedical executives. This allowed us to provide
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meaningful alerts and information at the executive level while
keeping the medical staff at the center of the decision-making
process, being able to consult judiciously with a very broad
clinical overview, and simultaneously not breaching any medical
privacy standard.

Limitations
We experienced several difficulties that are worth mentioning
in this context. First, we saw very modest compliance rates to
the extensive survey effort that we initiated, especially as the
timing of broadcasting of the full-scale survey coincided with
a sharp decline in cases and an increase in survey compliance
with the substantial surge in cases. As with other noncompliance
issues in medicine, it is our belief that for the time being, a
cultural change is the key to deliver a discernible change. Given
its potential effectiveness in the early identification of suspicious
domains, a survey should be considered a routine procedure
throughout the pandemic. Second, the current pandemic is very
dynamic, and the nature of disease spread was different between
the 2 main pandemic periods we observed. The knowledge base
to understand this specific new infection is lacking and evolves
constantly, and this might have a substantial effect on any
mathematical model, thus necessitating cautious evaluation of
models based on concurrent data. To ensure our tools are valid,
we continuously evaluated the yield and accuracy of our models
and modified the included parameters to adapt to the changing
circumstances. Lastly, despite our extensive effort in building
data-driven tools, it is of paramount importance to recall their
role as advisory tools and highlight the central role of human
judgment in integrating professional, medical, and organizational
considerations at all times.

Conclusions
In conclusion, we described the assembly of a specialized
multidisciplinary team weighing on diverse, rich data and
advanced analytics to assist decision-makers with formulating
policies in the context of the unexpected and unfamiliar chain
of events throughout the COVID-19 pandemic. With anticipated
disease spread, we believe that additional collaborative
initiatives are in place to largely utilize accumulating local and
global data in an attempt to develop impactful interventions.
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Abstract
Background: Cognitive behavioral therapy–pain is an evidence-based treatment for chronic pain that can have significant
patient burden, including health care cost, travel, multiple sessions, and lack of access in remote areas.
Objective: The study aims to pilot test the efficacy of a single-session videoconference-delivered empowered relief (ER)
intervention compared to waitlist control (WLC) conditions among individuals with chronic pain. We hypothesized that ER would
be superior to WLC in reducing pain catastrophizing, pain intensity, and other pain-related outcomes at 1-3 months posttreatment.
Methods: We conducted a randomized controlled trial involving a web-based sample of adults (N=104) aged 18-80 years with
self-reported chronic pain. Participants were randomized (1:1) to 1 of 2 unblinded study groups: ER (50/104, 48.1%) and WLC
(54/104, 51.9%). Participants allocated to ER completed a Zoom-delivered class, and all participants completed follow-up surveys
at 2 weeks and 1, 2, and 3 months posttreatment. All the study procedures were performed remotely and electronically. The
primary outcome was pain catastrophizing 1-month posttreatment, with pain intensity, pain bothersomeness, and sleep disruption
as secondary outcomes. We also report a more rigorous test of the durability of treatment effects at 3 months posttreatment. Data
were collected from September 2020 to February 2021 and analyzed using intention-to-treat analysis. The analytic data set
included participants (18/101, 17.8% clinic patients; 83/101, 82.1% community) who completed at least one study survey: ER
(50/101, 49.5%) and WLC (51/104, 49%).
Results: Participants (N=101) were 69.3% (70/101) female, with a mean age of 49.76 years (SD 13.90; range 24-78); 32.7%
(33/101) had an undergraduate degree and self-reported chronic pain for 3 months. Participants reported high engagement (47/50,
94%), high satisfaction with ER (mean 8.26, SD 1.57; range 0-10), and high satisfaction with the Zoom platform (46/50, 92%).
For the between-groups factor, ER was superior to WLC for all primary and secondary outcomes at 3 months posttreatment
(highest P<.001), and between-groups Cohen d effect sizes ranged from 0.45 to 0.79, indicating that the superiority was of
moderate to substantial clinical importance. At 3 months, clinically meaningful pain catastrophizing scale (PCS) reductions were
found for ER but not for WLC (ER: PCS −8.72, 42.25% reduction; WLC: PCS −2.25, 11.13% reduction). ER resulted in significant
improvements in pain intensity, sleep disturbance, and clinical improvements in pain bothersomeness.
Conclusions: Zoom-delivered ER had high participant satisfaction and very high engagement. Among adults with chronic pain,
this single-session, Zoom-delivered, skills-based pain class resulted in clinically significant improvement across a range of
pain-related outcomes that was sustained at 3 months. Web-based delivery of ER could allow greater accessibility of home-based
pain treatment and could address the inconveniences and barriers faced by patients when attempting to receive in-person care.
Trial Registration: ClinicalTrials.gov NCT04546685; https://clinicaltrials.gov/ct2/show/NCT04546685
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Introduction
Background
Chronic pain is a significant public health concern. It is one of
the most common reasons for seeking medical care [1], with
considerable societal and financial burden [2,3] in addition to
human suffering. Chronic pain treatment is challenging due to
limitations of existing pharmacological approaches, particularly
intolerability of many medicines [4], health risks [5-9], and lack
of sustainable availability. In contrast, behavioral medicine
approaches are low risk and have been shown to have
low-to-moderate efficacy for a range of chronic pain conditions
[5,7,10-12], with cognitive behavioral therapy (CBT)–pain as
the established evidence-based treatment for chronic pain [8,9].
However, several barriers prevent broad access to CBT-pain,
including out-of-pocket costs, burdensome travel, lack of
availability in remote or rural areas, and a lack of adequately
trained clinicians [6,13]. The length of treatment (ie, eight
sessions or more for CBT-pain) is associated with increased
dropout [14], which may perpetuate the overuse of medical
services and health disparities. The COVID-19 pandemic has
further challenged the feasibility of multisession in-person
treatment options [15], and this creates the need for accessible
solutions that are low-cost, low-burden, and remove the need
for face-to-face meetings [16].
Brief web-based and remotely delivered psychological
interventions have been demonstrated to accomplish this goal
and have been found to be as effective as face-to-face therapy,
while decreasing health care use and barriers to treatment [17].
Effective web-based treatments now exist for various
psychological disorders, including depression, panic disorder,
and social phobia [18]. Web-based CBT has been effective for
a number of chronic health conditions, including irritable bowel
syndrome, tinnitus, and headache [19,20]. In a systematic review
of web-based interventions for chronic back pain, Garg et al
[21] reported that web-based interventions, including CBT,
effectively reduced pain catastrophizing scale (PCS) scores.
Effect sizes for web-based interventions for chronic pain have
been estimated to range from small to moderate (Cohen d range
0.04-1.23) [18]. In addition to CBT, existing web-based
interventions for patients with pain include compassionate mind
training [22], social media–based web-based community
intervention [23], pain self-management [24], and hypnosis
[25]. Despite the promise of web-based interventions for pain,
multisession treatments typically range from 20 days to 12
weeks in duration, which can be costly, burdensome, and limit
access to adequate care [26].
Single-session interventions (SSIs), which have been defined
as the intentional delivery of a specific, structured program
involving a single visit with a clinic, provider, or program [27],
have the potential to reduce the burden of traditional
multisession treatment approaches and expand access to
behavioral medicine. SSIs have been found to be effective for
https://www.jmir.org/2021/9/e29672
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a variety of psychological and health conditions, including
severe mental illness [28], anxiety and youth conduct disorder
[27], acute insomnia [29], heavy alcohol consumption in college
students [30], trauma and adversity [31,32], postsurgical pain
[33], and chronic pain [11,12,34-36]. SSIs that have been further
optimized via web-based delivery have demonstrated feasibility
and efficacy similar to face-to-face interventions [11,12,37] and
include interventions for multiple sclerosis pain [38], disordered
gambling [39], and adolescent mental health [40-42]. In addition
to reducing treatment burdens, web-based SSIs have the vital
advantage of ease of scalability, as they can be completed by
patients in any location [37]. Effective web and digital-based
SSIs would eliminate or reduce many of the existing barriers
to treatment, such as cost, lack of trained therapists, and
insurance limits on the length of treatment. However, despite
the promise of SSIs, rigorously designed and randomized
controlled studies are needed to establish their efficacy [43].

Objectives
Building on the limited literature on web-based SSIs for chronic
pain, we aim to evaluate a Zoom-delivered version of a
previously developed and efficacious, skills-based, behavioral
medicine SSI empowered relief (ER) [11,36]. Previously, our
group conducted a three-arm randomized controlled trial
conducted in 263 adults with chronic low back pain comparing
in-person ER to a health education class or 8-week CBT [12].
However, web-based delivery of ER has not been tested,
particularly in mixed-etiology chronic pain, and the COVID-19
context underscores the importance of providing effective
home-based chronic pain care. Extending this work to the digital
platform, in this study, we conducted a parallel-group,
randomized (1:1) comparative efficacy trial to assess the impact
of a single-session videoconference-delivered ER group pain
relief skills class versus waitlist control (WLC). We hypothesize
that at 3 months posttreatment, (1) ER would be superior to
WLC for reductions in pain catastrophizing, an index of pain
coping; (2) ER would be superior to WLC for reductions in pain
intensity, bothersomeness, and sleep disturbance; and (3) ER
would be superior to WLC in reducing anxiety, depression, and
physical function.

Methods
Overview and Setting
This study was a parallel-group, randomized, clinical trial
comparing
ER,
a
2-hour
single-session
videoconference-delivered class, to a WLC. Enrolled
participants (N=104) aged 18-80 years with mixed chronic pain
etiology were randomized (1:1) to one of the two study arms.
Participants completed outcome assessments at pretreatment,
week 2, and 1, 2, and 3 months posttreatment. The primary
outcome was pain catastrophizing levels at the 1-month
follow-up [35], with pain intensity, pain, bothersomeness, and
sleep disturbance as secondary outcomes. The tertiary outcomes
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included PROMIS (Patient-Reported Outcomes Measurement
Information System) measures of anxiety, depression, and
physical function at the 1-month follow-up time-point. We also
report a more rigorous test of the durability of treatment effects
at 3 months posttreatment as highlighted in the Results section.
A crossover intervention class was offered to participants who
were initially randomized to the WLC and was conducted in
February 2021. Of 48 participants who were offered the
treatment, 20 (42%) attended the crossover class at no cost, and
no data were collected. This study was conducted between
August 2020 and February 2021.

Study Sample, Recruitment, and Participant
Compensation
Participants were recruited remotely through targeted emails to
lists of patients who agreed to be contacted for research purposes
through two databases: (1) the Stanford’s Collaborative Health
Outcomes Information Registry comprising patients who have
received care at the Stanford Pain Management Center (a tertiary

Ziadni et al
referral pain clinic in Redwood City, California) and (2) the
Stanford Systems Neuroscience and Pain Lab database of
individuals with chronic pain. Interested individuals were
directed to a web-based screening form, and those who met the
initial eligibility criteria were contacted by research staff by
phone to confirm their eligibility. Approximately 18.3%
(19/104) of the study sample were clinic patients, and 81.7%
(85/104) were from the larger community. Eligible and
interested participants were invited to participate in a pain-skills
treatment class compared with a WLC and completed an
electronic informed consent form (see Multimedia Appendix 1
for the study consent form). After informed consent was
obtained, study participants were randomized one-to-one using
a REDCap (Research Electronic Data Capture; Vanderbilt
University) [44] cloud random number generator and allocated
to the study group. All study procedures were completed
remotely, and no in-person visits were required. Figure 1
displays the participants’ study activities.

Figure 1. Participant activities. ER: empowered relief; WLC: waitlist control.

All the study procedures were performed remotely and
electronically. Enrolled participants completed a baseline survey,
which was conducted 4 days before the scheduled class,
followed by posttreatment surveys at 2 weeks, and 1, 2, and 3
months. The intervention was conducted on Zoom [45], and
details of the Zoom session were emailed to participants before
the scheduled class time. Overall, in the ER arm, two cohorts
were recruited, each consisting of 24-26 participants per class.
The class sizes were consistent with studies on web-based
interventions [46-51]. Participants received US $10 in the form
of an Amazon electronic gift code for each survey they
completed and could receive up to US $50 following completion
of all study procedures. The research procedures were approved
by the Stanford institutional review board.
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Inclusion and Exclusion Criteria
All study recruitment efforts directed interested individuals with
chronic pain to the web-based screening form to complete an
automated eligibility form that screened for initial inclusion and
exclusion criteria. Participants who met initial eligibility were
then contacted by the research staff to confirm study eligibility
according to the inclusion and exclusion criteria provided in
Textbox 1. Internet and computer literacy were the implicit de
facto eligibility criteria. If interested participants indicated that
they had never used the Zoom platform, the research coordinator
contacted them by phone to schedule an individual meeting;
their skill to participate in the web-based class would increase
because they were more familiar with the Zoom platform and
navigating the tool in a supervised setting. Of the 9 participants
who indicated that they had never used Zoom, none requested
to schedule an individual meeting.
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Textbox 1. Inclusion and exclusion criteria.
Inclusion criteria
•

Pain >3 months more than half the time

•

English fluency

•

Ability to attend a one-time web-based class (if assigned) and complete web-based surveys

•

Females and males, aged ≥18 years

Exclusion criteria
•

Ongoing legal action or disability claim

•

Previous participation in the empowered relief class

•

Cognitive impairment, non–English-speaking, or psychological factors that would preclude comprehension of material or full participation in
the study

Randomization and Blinding
Participants were randomized 1:1 (no blocking applied) and
allocated to one of two study arms: (1) ER or (2) WLC. REDCap
was used to apply an automatic and blinded randomization
program and ensure equal allocation to both groups. Participants
were not blinded to the study arm, given the nature of WLC.
Statisticians performed blinded analysis of data sets that were
randomly labeled as group 1 and group 2, with statistician
unblinding occurring only after posttreatment month 3 data
were analyzed. The study coordinator (LGC) was unblinded to
the individual study arm assignments and was not involved in
any data analyses. The study protocol was reviewed and
approved [52].

Study Groups
Single-Session Videoconference-Delivered Skills-Based
Pain Class (ER)
Overview
ER was developed in 2013, with pilot data [36] showing a
reduction in pain catastrophizing 1-month posttreatment, despite
comorbid emotional disorders. Notably, a National Institute of
Health-funded, three-arm, randomized controlled trial [11,12]
conducted in 263 individuals with chronic low back pain
demonstrated that 3-month posttreatment, the ER class was
equally effective to an 8-week CBT-pain intervention and was
superior to a health education control class in reducing pain
catastrophizing and pain intensity. ER compresses key elements
and skills from CBT-pain and mindfulness into a single-session
2-hour class [11,12,34,36]. The class is didactic and delivered
with a standardized instructor slide deck and manual.
Participants learn self-management skills to decrease
physiological hyperarousal, which includes diaphragmatic
breathing, cognitive reframing, and self-soothing strategies.
During the class, participants self-tailor the skills content by
completing a personalized plan for ER. They also received an
MP3 audio file with a 20-minute version of the relaxed breathing
exercise. The participants can download the audio file from a
secure web-based storage platform onto their various devices
(mobile or tablet) for convenience. The participants were
encouraged to practice the learned skills daily.
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Class Platform
The Zoom platform was used to deliver the ER classes, and
instructors shared their PowerPoint presentation slides
throughout the class. Class participants were encouraged to ask
questions at any time through the Zoom chat box and unmute
themselves to participate. Zoom is password-protected and
hosted within the firewalled Stanford University School of
Medicine and Stanford HealthCare systems.
Instructors
The class instructors were doctoral-level clinical psychologists
certified by Stanford University [53] to deliver the intervention.
Training and Monitoring of Instructors
The instructors were familiar with the study protocol, were
certified in ER delivery, and had extensive experience delivering
the class. ER was developed to ensure fidelity (eg, standardized
slide deck and instructor manual; instructor certification
process), and cohort effects were minimal due to the single
session and didactic nature of the intervention, with minimal
participant interaction.

Waitlist Control
The study used a WLC group because the ER class web-based
delivery is a new approach that has not been previously tested
[54,55]. During the screening phone call, participants
randomized to the WLC were advised to continue any ongoing
clinical care. Although the WLC group did not receive any study
intervention, participants were informed that they would be
offered the ER treatment class after study completion at 3
months.

Data Collection and Variable Measurement
All surveys were collected through REDCap [44], a web-based
electronic data capture platform, which is a secure (password
protected), HIPAA (Health Insurance Portability and
Accountability Act)–compliant platform, and hosted by the
Stanford University School of Medicine.
Data collection consisted of electronically collected
participant-reported measures across the four phases of the
study: screening, pretreatment, treatment, and posttreatment.
For both groups, posttreatment survey collection was conducted
at 2 weeks and 1-3 months posttreatment. The ER group
J Med Internet Res 2021 | vol. 23 | iss. 9 | e29672 | p.1524
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completed an additional brief survey 1-week posttreatment to
assess participant satisfaction with the intervention and Zoom
platform. Table 1 shows the data collection time-points for both
the groups. Baseline surveys included demographic information,

pain intensity, pain bothersomeness, pain catastrophizing, and
PROMIS measures. Posttreatment surveys included the same
measures, excluding the demographics.

Table 1. Timeline of variable assessment.
Variables

Pretreatment

Posttreatment follow-up

Baseline

1 week

2 weeks

1, 2, and 3 months

a

Demographics and pain condition

✓

PCSb

✓

✓

✓

Pain bothersomeness

✓

✓

✓

Depression

✓

✓

✓

Anxiety

✓

✓

✓

Pain intensity

✓

✓

✓

Physical function

✓

✓

✓

Pain interference

✓

✓

✓

Fatigue

✓

✓

✓

Social isolation

✓

✓

✓

Anger

✓

✓

✓

Sleep disturbance

✓

✓

✓

PROMISc

Satisfaction with treatment
a

✓

Variable assessed.

b

PCS: pain catastrophizing scale.

c

PROMIS: Patient-Reported Outcomes Measurement Information System.

Study Variables and Measures
Pain Catastrophizing
The 13-item PCS [56] measures negative thoughts and emotional
responses to pain. PCS is a 1D measurement with three
subscales: helplessness, magnification, and rumination. It is
scored by summing all items and generates a total score, with
higher scores indicating greater catastrophizing. The PCS is a
reliable, validated, and psychometrically trusted instrument
[57].

Pain Bothersomeness
Participants rated their pain bothersomeness during the previous
7 days on a 0-10 numeric rating scale anchored by 0 (not at all
bothersome) and 10 (extremely bothersome) that is commonly
used in chronic low back pain research [58], “How bothersome
has your pain been during the past week?”

National Institutes of Health PROMIS Measures
The National Institutes of Health PROMIS short-form measures
have been applied in pain research [59-67], and selected domains
were identified by the Initiative on Methods, Measurement, and
Pain Assessment in Clinical Trials [68,69] as core outcomes.
Respondents reference the previous 7 days to rate items for pain
intensity (version 3a), sleep disturbance (version 6a), physical
function (version 6b), depression (version 6a), anxiety (version
6a), and social isolation (4a). Higher scores on PROMIS
https://www.jmir.org/2021/9/e29672
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measures indicate greater symptom severity, except for physical
function, wherein higher scores reflect better function. The
web-based PROMIS assessment center [70] software [71] was
used to calculate the short-form T scores using Item Response
Theory scoring algorithms that apply the Bayesian expected A
posteriori method [72]. Depression, anxiety, and physical
function are major correlates of chronic pain [73-76], and as
such, changes in these variables were examined as a function
of treatment. Social isolation was included because of the
COVID-19 pandemic. We did not expect it to change, per se,
but given the dynamic nature of COVID-19 and lockdowns, we
measured this variable throughout the study.

Sample Size and Statistical Analysis
The planned enrollment accounted for 4% attrition in each study
arm. The enrolled sample size ensured significant statistical
power (80%) to detect medium-to-large treatment effects
between the two treatment groups. Of the 104 enrolled
participants (ER: 50/104, 48.1%; WLC: 54/104, 51.9%),
intent-to-treat analyses were used to analyze the data of 101
(97.1%) participants (ER: 50/101, 49.5%; WLC: 51/101, 50.5%)
who met the study criteria and completed at least one survey.
Baseline scores on continuous variables were summarized using
mean (SD), and categorical variable scores were summarized
by count and proportions. The differences between conditions
at baseline for continuous and categorical variables for the
treatment groups were assessed using one-way analysis of
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variance and Fisher exact test, respectively. For primary
analyses, we used a between-within mixed design to assess the
effect of treatment, time, and treatment × time, where time
represented the within-subjects factor and treatment was
specified as a between-subjects factor. Within-subjects’
dependency was modeled by specifying participants as a random
effect with a heterogeneous compound symmetry covariance
structure. Similar analyses were used to examine the treatment
effects for all secondary and tertiary outcomes at each
posttreatment month. Intention-to-treat analysis was used to
investigate the causal effects of the treatment. All statistical
significances were applied at a two-sided level of 0.05, with
Benjamini-Hochberg adjustment for multiple comparisons.
Cohen d effect sizes for the between-subjects’ factor were
calculated from the between-subjects’ F statistic adjusting for
sample size. Responder analyses were conducted by calculating
the proportion of participants with 15% (minimal), 30%
(moderate), and 50% (substantial) improvement from baseline
for pain-related outcomes. All data processing and statistical

Ziadni et al
analyses were performed using the SAS version 9.4 (SAS
Institute, Inc).

Results
Study Participants
Figure 2 shows the CONSORT (Consolidated Standards of
Reporting Trials) diagram for the study. In total, 196 individuals
were assessed for initial eligibility, and 92 were excluded
because they did not meet the study criteria. In total, 104
participants were enrolled and randomized, and 101 (97.1%)
participants completed the baseline surveys (ER: 50/101, 49.5%;
WLC: 51/101, 50.5%). A total of 49 participants received the
ER intervention, of whom 2 (4%) were lost to follow-up due to
feeling unwell or being too busy to complete follow-up surveys.
A final sample of 94 participants provided complete follow-up
data. Nearly 94% (47/50) of participants in the ER group and
86% (44/51) of participants in the WLC group completed their
3-month follow-up surveys (end of study).

Figure 2. CONSORT (Consolidated Standards of Reporting Trials) flow diagram. ER: empowered relief; ITT: intention-to-treat; WLC: waitlist control.
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Table 2 shows the baseline demographic characteristics of the
study arm. The sample included 101 participants recruited
primarily from northern California. The sample was
predominantly female (70/101, 69.3%), White (75/101, 74.3%),
and with at least some college education (66/101, 65.3%), and
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a mean age of 49.76 years (SD 13.90; range 24.00-78.00). No
significant between-group differences were observed for any
demographic variables, demonstrating that randomization was
effective.
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Table 2. Baseline demographic characteristics by treatment group.
Demographics

Values
Treatment group with empowered relief (n=50)

P value
WLCa (n=51)
.15b

Gender, n (%)
Male

12 (24)

19 (37)

Female

38 (76)

32 (63)
.34c

Age (years)
Mean (SD; range)

48.6 (14.1; 26.0-78.0)

50.9 (13.7; 24.0-74.0)

Median (IQR)

48.5 (35.0-59.0)

51.0 (40.0-67.0)
.90b

Race, n (%)
Asian

6 (12)

7 (14)

White

37 (74)

38 (75)

Black or African American

1 (2)

0 (0)

More than one race

3 (6)

3 (6)

Other or unknown

3 (6)

3 (6)
.20b

Education, n (%)
High school graduate

1 (2)

1 (2)

Some college

7 (14)

7 (14)

Associate

8 (16)

11 (22)

Undergraduate

14 (28)

19 (37)

Master’s degree

13 (26)

10 (20)

Professional degree

1 (2)

3 (6)

Doctoral degree

6 (12)

0 (0)
.72b

Employment, n (%)
Part-time

10 (20)

10 (20)

Full-time

15 (30)

18 (35)

Full-time homemaker

0 (0)

4 (8)

Temporarily laid off

3 (6)

1 (2)

Unemployed

3 (6)

2 (4)

Looking for work, unemployed

3 (6)

2 (4)

Disabled or not working due to pain

5 (10)

4 (8)

Retired

5 (10)

6 (12)

Student, currently employed

1 (2)

1 (2)

Student, not currently employed

1 (2)

0 (0)

Other

4 (8)

3 (6)
.64b

Income (US $), n (%)
<10,000

1 (2)

2 (4)

>25,000

4 (8)

7 (14)

25,000-44,999

6 (12)

3 (6)

45,000-64,999

2 (4)

3 (6)

65,000-84,999

2 (4)

4 (8)

85,000-104,999

7 (14)

3 (6)

105,000-124,999

7 (14)

10 (20)
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Values

P value

Treatment group with empowered relief (n=50)

WLCa (n=51)

>125,000

15 (30)

14 (27)

Missing

6 (12)

5 (10)
.82b

Relationship, n (%)

a

Never married

10 (20)

9 (18)

Married

26 (52)

26 (51)

Divorced

6 (12)

7 (14)

Separated

1 (2)

2 (4)

Widowed

0 (0)

2 (4)

Partnered and living together

5 (10)

4 (8)

In a relationship but not living together

2 (4)

1 (2)

WLC: waitlist control.

b

Chi-square P value.

c

Kruskal-Wallis P value.

Table 3 presents the baseline pain and clinical characteristics
of the sample by the study arm. The mean pain intensity T score
was 62.2 (mean 50, SD 10). No significant differences were
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observed between the two study groups for any of the variables
assessed, except for sleep disturbance (P=.04), which was
controlled for in the analysis.
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Table 3. Baseline clinical variables by treatment group.
Variables

P valueb

Values
Treatment group with empowered relief (n=50)

WLCa (n=51)

Pain catastrophizing

.86

Mean (SD; range)

20.6 (10.1; 2.0-47.0)

20.2 (10.7; 2.0-43.0)

Median (IQR)

19.0 (13.0-28.0)

19.0 (12.0-29.0)

Average pain intensity

.60

Mean (SD; range)

62.2 (5.7; 48.0-81.9)

62.5 (7.7; 36.3-81.9)

Median (IQR)

62.6 (58.9-64.1)

62.6 (60.2-67.8)

Pain bothersomeness

.28

Mean (SD; range)

5.8 (2.0; 0.0-10.0)

6.3 (2.0; 2.0-10.0)

Median (IQR)

6.0 (4.0-7.0)

6.0 (5.0-7.0)

PROMISc
Depression

.95

Mean (SD; range)

57.3 (9.6; 38.4-73.0)

57.8 (9.3; 38.4-80.2)

Median (IQR)

58.2 (50.6-65.4)

56.4 (52.3-64.7)

Anxiety

.36

Mean (SD; range)

59.6 (8.3; 39.1-82.4)

60.4 (8.9; 39.1-79.5)

Median (IQR)

60.7 (52.9-64.5)

61.8 (54.4-66.1)

Physical function

.99

Mean (SD; range)

40.8 (6.3; 28.7-59.0)

41.1 (7.2; 24.8-59.0)

Median (IQR)

40.4 (36.0-45.1)

40.5 (36.7-44.1)

Interference

.82

Mean (SD; range)

59.7 (6.6; 41.1-76.2)

60.3 (5.4; 51.0-76.2)

Median (IQR)

59.5 (55.7-64.8)

60.0 (56.2-63.8)

Fatigue

.79

Mean (SD; range)

61.6 (8.4; 33.7-75.8)

62.4 (9.2; 33.7-75.8)

Median (IQR)

62.8 (57.1-66.8)

62.7 (57.1-68.8)

Social isolation

.23

Mean (SD; range)

53.5 (11.0; 34.8-74.2)

52.3 (9.4; 34.8-74.2)

Median (IQR)

56.2 (47.9-62.1)

51.7 (47.9-56.2)

Anger

.23

Mean (SD; range)

54.6 (9.1; 32.9-82.9)

55.5 (12.0; 32.9-77.1)

Median (IQR)

54.7 (47.9-60.7)

57.8 (49.8-63.8)

Sleep disturbance

a

.04

Mean (SD; range)

56.3 (9.0; 36.4-76.1)

59.5 (8.5; 36.6-76.1)

Median (IQR)

54.5 (51.3-61.8)

60.0 (53.9-64.7)

WLC: waitlist control.

b

Kruskal-Wallis P value.

c

PROMIS: Patient-Reported Outcomes Measurement Information System.

Treatment Satisfaction (ER Group Only)
For satisfaction with ER treatment on a scale of 0 (completely
dissatisfied) to 10 (completely satisfied), participants (n=47)
reported high satisfaction with all items related to overall
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satisfaction with the class (mean 8.26, SD 1.57), likelihood of
recommending the class (mean 8.77, SD 1.43), class relevance
(mean 7.94, SD 2.03), the usefulness of the presented
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information (mean 8.37, SD 1.79), and likelihood of using the
skills and information learned (mean 8.66, SD 1.58).

Primary Outcomes
Table 4 reports the between-group comparisons at 2 weeks and
1-3 months posttreatment for all outcomes. Figures 3-12
compare group effects over time for pain-related outcomes. For
all figures, the trend of the pain-related variables is displayed
over time for participants in both groups. Values in the x-axis
refer to the number of weeks in the study, where 0 represents
the baseline (roughly 4 days preintervention) time-point. The
color band represents the 95% CI for the mean outcome variable.
Overlapping bands indicate nonsignificant treatment group
differences (P value) of simple main effects within each
time-point. The corresponding model effects for each outcome
are displayed in Figures 3-12.
We observed a significant treatment effect (P=.005) on pain
catastrophizing; on average, the ER group had lower PCS scores
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than the WLC group (Cohen d=0.50). Separately, we observed
a time effect; the average PCS significantly decreased over time
for both study groups (time effect; P<.001). Most importantly,
the decrease was greater for ER versus WLC (group×time effect;
P<.001). At 3-month posttreatment, clinically meaningful
reductions in PCS were found for ER but not for WLC (ER:
PCS −8.72, 42.25% reduction; WLC: PCS −2.25, 11.13%
reduction). Figure 3 displays the average PCS at 3 months by
study arm, and Table 4 displays the between-group comparisons
for PCS at baseline and posttreatment months. ER was superior
to WLC (difference −6.05, 95% CI −9.92 to −2.18; P=.002 at
3-month posttreatment.
The ER group effect size was 0.89, with combined results
showing a large effect size and moderate clinical importance.
As much as 62% (31/50) of ER and 24% (12/51) of WLC
participants achieved a 30% or more reduction in PCS. For ER,
46% (23/50) achieved ≥50% in PCS reduction, whereas for
WLC, 12% (6/51) reached that threshold.
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Table 4. Outcome measures from baseline to 3 months by treatment group with between-group comparisons.
Outcome measure time-point

Empowered relief,
mean (SE)

WLC,a mean
(SE)

Effect sizeb
(Cohen d)

Between-group differences

Mean difference (SE; 95% CI)

P value

Pain catastrophizing
Baseline

20.64 (1.53)

20.22 (1.52)

0.42 (2.16; −3.81 to 4.66)

.84

0.04

2 weeks posttreatment

13.85 (1.37)

19.52 (1.38)

−5.67 (1.94; −9.49 to −1.85)

.004

0.57

1 month posttreatment

12.13 (1.37)

18.7 (1.35)

−6.57 (1.93; −10.36 to −2.78)

<.001

0.62

2 months posttreatment

11.16 (1.3)

18.5 (1.31)

−7.34 (1.85; −10.97 to −3.71)

<.001

0.76

3 months posttreatment

11.92 (1.39)

17.97 (1.39)

−6.05 (1.97; −9.92 to −2.18)

.002

0.64

Baseline

5.78 (0.29)

6.3 (0.29)

−0.52 (0.40; −1.31 to 0.27)

.20

0.26

2 weeks posttreatment

5.13 (0.33)

5.66 (0.34)

−0.53 (0.47; −1.46 to 0.4)

.26

0.27

1 month posttreatment

4.81 (0.32)

5.92 (0.31)

−1.10 (0.44; −1.98 to −0.23)

.01

0.57

2 months posttreatment

4.71 (0.34)

5.84 (0.34)

−1.13 (0.48; −2.07 to −0.19)

.02

0.60

3 months posttreatment

4.62 (0.35)

5.92 (0.36)

−1.30 (0.50; −2.29 to −0.31)

.01

0.67

Baseline

62.24 (0.98)

62.53 (0.97)

−0.28 (1.39; −3.01 to 2.44)

.84

0.04

2 weeks posttreatment

59.81 (0.98)

61.61 (0.99)

−1.8 (1.40; −4.54 to 0.94)

.20

0.27

1 month posttreatment

57.96 (0.95)

62.06 (0.94)

−4.1 (1.34; −6.73 to −1.47)

.002

0.62

2 months posttreatment

59.17 (1)

62.55 (1.01)

−3.38 (1.42; −6.17 to −0.59)

.02

0.54

3 months posttreatment

57.26 (1.18)

61.07 (1.2)

−3.81 (1.68; −7.12 to −0.49)

.02

0.60

Baseline

40.76 (0.94)

41.12 (0.94)

−0.37 (1.33; −2.98 to 2.24)

.78

0.05

2 weeks posttreatment

41.65 (0.91)

40.42 (0.92)

1.23 (1.29; −1.31 to 3.77)

.34

0.24

1 month posttreatment

42.13 (0.93)

40.77 (0.93)

1.35 (1.31; −1.23 to 3.94)

.30

0.26

2 months posttreatment

42.18 (0.94)

39.97 (0.95)

2.22 (1.33; −0.41 to 4.84)

.01

0.41

3 months posttreatment

42.55 (1.15)

41.27 (1.16)

1.28 (1.63; −1.93 to 4.5)

.43

0.25

Baseline

59.71 (0.86)

60.27 (0.86)

−0.56 (1.22; −2.96 to 1.84)

.65

0.09

2 weeks posttreatment

58.4 (0.92)

60.41 (0.93)

−2 (1.31; −4.59 to 0.58)

.13

0.32

1 month posttreatment

57.56 (0.89)

60.02 (0.88)

−2.46 (1.25; −4.92 to 0)

.05

0.43

2 months posttreatment

57.47 (0.93)

59.79 (0.94)

−2.32 (1.33; −4.94 to 0.29)

.08

0.43

3 months posttreatment

57.51 (1.12)

59.51 (1.14)

−1.99 (1.60; −5.14 to 1.15)

.21

0.33

Baseline

59.57 (1.23)

60.41 (1.22)

−0.84 (1.73; −4.24 to 2.56)

.63

0.10

2 weeks posttreatment

58.12 (1.33)

60.4 (1.33)

−2.28 (1.88; −5.97 to 1.42)

.23

0.28

1 month posttreatment

56.06 (1.25)

59.79 (1.23)

−3.72 (1.75; −7.17 to −0.28)

.03

0.41

2 months posttreatment

56.18 (1.28)

59.98 (1.28)

−3.8 (1.81; −7.36 to −0.25)

.04

0.49

3 months posttreatment

54.85 (1.28)

59.99 (1.28)

−5.14 (1.81; −8.7 to −1.58)

.005

0.68

Baseline

57.35 (1.4)

57.78 (1.38)

−0.43 (1.97; −4.3 to 3.44)

.83

0.05

2 weeks posttreatment

54.68 (1.25)

57.71 (1.25)

−3.03 (1.77; −6.51 to 0.45)

.09

0.32

Pain bothersomeness

PROMISc
Pain intensity

Physical function

Pain interference

Anxiety

Depression
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Outcome measure time-point

Empowered relief,
mean (SE)
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WLC,a mean
(SE)

Effect sizeb
(Cohen d)

Between-group differences

Mean difference (SE; 95% CI)

P value

1 month posttreatment

53.58 (1.25)

57.24 (1.24)

−3.65 (1.76; −7.11 to −0.19)

.04

0.37

2 months posttreatment

53.5 (1.21)

57.55 (1.21)

−4.05 (1.71; −7.41 to −0.7)

.02

0.45

3 months posttreatment

53.89 (1.29)

57.26 (1.29)

−3.37 (1.82; −6.95 to 0.21)

.06

0.40

Baseline

53.49 (1.47)

52.34 (1.47)

1.15 (2.08; −2.95 to 5.25)

.58

0.11

2 weeks posttreatment

51.59 (1.45)

52.75 (1.46)

−1.16 (2.06; −5.21 to 2.89)

.57

0.19

1 month posttreatment

51.06 (1.35)

52.48 (1.34)

−1.42 (1.90; −5.16 to 2.32)

.46

0.23

2 months posttreatment

50.12 (1.48)

52.49 (1.49)

−2.37 (2.10; −6.5 to 1.75)

.26

0.33

3 months posttreatment

49.5 (1.42)

52.37 (1.43)

−2.87 (2.02; −6.84 to 1.1)

.16

0.38

Baseline

54.64 (1.57)

55.48 (1.57)

−0.84 (2.22; −5.21 to 3.53)

.70

0.08

2 weeks posttreatment

52.84 (1.45)

56.46 (1.47)

−3.62 (2.07; −7.68 to 0.45)

.08

0.34

1 month posttreatment

52.59 (1.28)

56.24 (1.27)

−3.65 (1.8; −7.18 to −0.11)

.04

0.35

2 months posttreatment

50.88 (1.37)

55.2 (1.39)

−4.31 (1.95; −8.15 to −0.48)

.03

0.44

3 months posttreatment

50.54 (1.33)

56 (1.35)

−5.47 (1.89; −9.19 to −1.75)

.004

0.59

Social isolation

Anger

a

WLC: waitlist control.

b

These are between-subjects effect size within each time frame.

c

PROMIS: Patient-Reported Outcomes Measurement Information System.

Figure 3. Pain catastrophizing over time.
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Figure 4. Pain intensity over time.

Figure 5. Pain bothersomeness over time.
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Figure 6. Sleep disturbance over time. PROMIS: Patient-Reported Outcomes Measurement Information System.

Figure 7. Anxiety over time. PROMIS: Patient-Reported Outcomes Measurement Information System.
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Figure 8. Depression over time. PROMIS: Patient-Reported Outcomes Measurement Information System.

Figure 9. Physical function over time. PROMIS: Patient-Reported Outcomes Measurement Information System.
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Figure 10. Pain interference over time. PROMIS: Patient-Reported Outcomes Measurement Information System.

Figure 11. Social isolation over time. PROMIS: Patient-Reported Outcomes Measurement Information System.
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Figure 12. Anger over time. PROMIS: Patient-Reported Outcomes Measurement Information System.

Secondary Outcomes
Pain Intensity
Analyzing all data from baseline to 3 months, we observed a
significant treatment effect (P=.02) on pain intensity; on
average, the ER group had lower pain intensity scores than the
WLC group (Cohen d=0.41). Separately, we observed a time
effect; the average PCS significantly decreased over time for
both study groups (time effect; P<.001). Most importantly, the
decrease was greater for ER versus WLC (group×time effect;
P=.01).
At 3 months, significant reductions in pain intensity were found
for ER but not for WLC (ER: pain intensity −4.98, 8% reduction;
WLC: pain intensity −1.46, 2.34% reduction). Figure 4 displays
the average pain intensity during the 3-month follow-up by the
study arm, and Table 4 displays the between-group comparisons
for pain intensity at baseline and posttreatment months. At 3
months, ER was superior to WLC (difference −6.05, 95% CI
−9.92 to −2.18; P<.001). Notably, when applying the 15%
threshold for clinical meaningfulness, the reduction in pain
intensity was not clinically meaningful for either group.
The ER group effect size was 0.76, with combined results
showing a moderate-to-large effect size but no clinical
importance. As much as 30% (15/50) of ER and 6% (3/51) of
WLC participants achieved a 15% or greater reduction in pain
intensity. For ER, 4% (2/50) achieved ≥30% reduction in pain
intensity, whereas for WLC, 2% (1/51) reached that threshold.

Pain Bothersomeness
We observed a time effect; average pain bothersomeness
significantly decreased over time for both study groups (time
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effect; P<.001); however, during the 1- to 3-month follow-ups,
the between-group difference was significant (P=.01 to P=.02)
per Table 4. This significance is largely driven by the initial
decline in pain bothersomeness, which was steeper in the ER
group and eventually plateaued for both groups (Figure 5). At
3 months, ER was superior to WLC (difference −1.30, 95% CI
−2.29 to −0.31; P=.01).
At 3 months, clinically meaningful reductions in pain
bothersomeness were found for ER but not for WLC (ER: pain
bothersomeness −1.16, 20.07% reduction; WLC: pain
bothersomeness −0.38, 6.03% reduction). This meets the
threshold for moderate clinical meaningfulness. Figure 6
displays the average pain bothersomeness during the 3-month
follow-up by the study arm, and Table 4 displays the
between-group comparisons for pain intensity at baseline and
posttreatment months.
The ER group effect size was 0.61, with combined results
showing a moderate effect size and minimal clinical importance.
As much as 34% (17/50) of ER and 12% (6/51) of WLC
participants achieved ≥30% reduction in pain bothersomeness.
For ER, 22% (11/50) achieved ≥50% in pain bothersomeness
reduction, whereas for WLC, 3.9% (2/51) reached that threshold.

Sleep Disturbance
At 3 months, significant reductions in sleep disturbance were
found for ER but not for WLC (ER: 2.82, 5.01% reduction;
WLC: 1.7, 2.86% increase; Table 4). Separately, we did not
observe a time effect (P=.52), and we observed a significant
interaction effect (P=.02). Sleep disturbance was lower in the
ER group than in the WLC group (P=.02). At 3 months, ER
was superior to WLC (difference −7.74, 95% CI −11.61 to
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−3.87; P<.001). The ER group effect size was 0.37, with
combined results showing a small-to-moderate effect size and
no clinical importance. As much as 12% (6/50) of ER and 8%
(4/51) of WLC participants achieved a 15% or more reduction
in sleep disturbance.
The Benjamini-Hochberg adjustment for multiple comparisons
was applied across primary and secondary variables, and
statistical significance was maintained (P=.02 to P<.001).

Tertiary Outcomes
Anxiety
At 3 months, significant reductions in anxiety were found for
ER but not for WLC (ER: −4.71, 7.91% reduction; WLC: −0.42,
0.7% reduction; Table 4). Anxiety decreased over time in both
groups, and the decline was significantly steeper in the ER group
(P=.009). ER was superior to WLC (difference −5.14, 95% CI
−8.7 to −1.58; P<.001). The ER group effect size was 0.59, with
combined results showing a moderate effect size and no clinical
importance.

Depression
We did not observe a treatment effect (P=.08) on depression.
Separately, we observed a time effect; average depression
significantly decreased over time for both study groups (time
effect; P=.002). Most importantly, the decrease was greater for
ER versus WLC (group×time effect; P=.03). However,
between-group differences showed that ER was superior to
WLC only during months 1 and 2 (P=.04 and P=.02,
respectively). The overall interaction effect appears primarily
driven by these two time-points and maintains the trend and
directionality, but not statistically significant, at the 3-month
follow-up (P=.07).

Physical Function
We did not observe a treatment effect (P=.36) or a time effect
(P=.36) on physical function. We observed a trend for the
interaction effect (P=.09). Between-subjects analysis revealed
no significant differences at any of the follow-up time-points
(P=.30 to P=.43), except at 2-months posttreatment (P=.01).

Exploratory Outcomes
For social isolation, we observed a time effect; average social
isolation scores significantly decreased over time for both study
groups (time effect; P=.02). Most importantly, this was qualified
by a significant group×time interaction (P=.02); there was a
decrease in social isolation in the ER group but not in the WLC
group. No time or interaction effects were observed for pain
interference or anger.

Zoom Platform Satisfaction
Participants in the ER arm provided feedback on their experience
using the Zoom platform on a scale from 1 (strongly disagree)
to 7 (strongly agree), with higher scores indicating a higher
endorsement of each item. Overall, participants reported high
satisfaction with the platform, including the ease of operating
Zoom (46/50, 92% satisfaction: mean 6.45, SD 1.43), engaging
with class material (mean 6.02, SD 1.45), comfort in engaging
with Zoom instructor and participants (mean 5.68, SD 1.45),
and feeling connected to the instructor (mean 5.43, SD 1.64).
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Discussion
Principal Findings
We conducted the first Zoom-delivered randomized controlled
trial of the group-based, SSI ER in a sample of individuals with
mixed-etiology chronic pain. The primary goal of this study
was to evaluate the feasibility, acceptability, and engagement
of a single-session Zoom-delivered intervention for chronic
pain. We also aimed to determine the preliminary efficacy of
Zoom-delivered ER for reducing average pain intensity, pain
catastrophizing, pain bothersomeness, and sleep disruption at
1-month posttreatment. Secondary and tertiary pain-related
outcomes included physical function, anxiety, depression, and
physical function. We also report a more rigorous test of the
durability of treatment effects at 3-month posttreatment, as well
as report the clinical meaningfulness of effects.
ER demonstrated high feasibility as indexed by high enrollment
rate and excellent engagement; 94% (47/50) of participants in
the ER group attended the class and completed all surveys
through the 3-month duration of the study. The enrollment rate
was 53.1% (104/196), which is five times higher than that
observed in other studies [12,77] and stands as an index of both
the inclusivity of the study protocol (few exclusionary criteria;
all types of chronic pain) and the convenience of a single-session
pain treatment study. Importantly, participants reported high
overall satisfaction with the class (mean 8.26-8.77), the
usefulness of presented information, and the likelihood of using
the skills and information learned. In addition, participants
reported high satisfaction with operating the Zoom platform
(46/50, 92% satisfaction), in addition to high satisfaction with
engaging with class material, other attendees, and the class
instructor. Importantly, of the 9 participants who indicated they
had never used the Zoom platform during screening, none
requested additional or individual training with the platform.
These metrics indicate superior feasibility, accessibility, and
engagement with the Zoom-delivered ER intervention.
With respect to preliminary efficacy, time effects showed
reductions in pain intensity and most pain-related indices, except
for sleep disruption. ER demonstrated superior treatment effects
on average pain intensity and pain-related catastrophizing, pain
bothersomeness, and sleep disruption over the 3 months
following treatment. The between-groups Cohen d effect sizes
at 3-month posttreatment ranged from 0.60 to 0.91 for primary
and secondary variables. For ER, pre- or posttreatment Cohen
d effect sizes ranged from 0.37 to 0.89, demonstrating no clinical
importance to moderate clinical importance for reducing
pain-related catastrophizing, bothersomeness, and sleep
disruption at the end of treatment. The treatment effect sizes
across the primary and secondary outcomes suggested that a
single-session, digital, skills-based intervention may have
clinically meaningful effects on patient-reported outcomes. The
durability of the treatment effects was demonstrated at the
3-month follow-up time-point. A greater proportion of
participants in the ER group exceeded the thresholds for the
clinical importance of effects at 3 months posttreatment.
First, for moderate importance in PCS reduction (≥30%
reduction in PCS), 62% (31/50) in ER versus 24% (12/51) in
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WLC met this threshold. For substantial clinical importance in
PCS reduction (≥50% reduction in pain), 46% (23/50) in ER
versus 12% (6/51) in WLC met this threshold. PCS reductions
for ER (mean −8.72, SD 1.03) exceeded the clinically
meaningful threshold of 6.8 reported in the literature [78] and
is notably greater than that reported in other studies examining
in-person 8-week CBT [7,10,79]. Our findings on PCS are
expected and aligned with the literature suggesting that pain
catastrophizing, an index of pain coping, is highly responsive
to behavioral treatments [7,10,79], including SSI [11,12]. For
context, multidisciplinary pain rehabilitation research has shown
that PCS reductions of 38% are clinically important and
associated with less disability and work status at one-year
follow-up [80].
Second, for minimal clinical importance in pain reduction (≥15%
reduction in pain), 30% (15/50) in ER versus 6% (3/51) in WLC
met this threshold. The moderate clinical importance of pain
reduction was low in both groups. Importantly, this study used
a PROMIS pain measure with a stricter range (5-point scale)
versus a traditional 11-point Numeric Pain Rating Scale. As
such, the lack of variability in this measure may have negatively
impacted our ability to detect the effects of pain intensity.
The tertiary outcomes yielded mixed findings. Reductions in
anxiety and depression over time were found in both groups,
and the decline was significantly greater for ER than WLC.
However, these reductions did not reach the threshold for
clinical significance. Notably, for depression, we observed
regression to the mean at 3 months with the treatment effect
lost, thus suggesting that more intensive treatment might be
needed for durable reductions in depressive symptoms. This
may be contextualized within widespread social isolation due
to COVID-19, which has been shown to worsen depression
symptoms over time [81,82], or other stressors related to
COVID-19 or the seasonal context of this study.
Interestingly, no treatment or time effects were observed for
physical function, only a trend toward significance (P=.09),
which suggests that the study may be underpowered to detect
differences or identify subgroups where effect may exist. In
addition, due to a coding error, the short form used in this study
did not capture upper extremity function, and scale items
focused on lower mobility. As this was a mixed-etiology chronic
pain study, comprehensive assessment of physical function is
warranted to definitively explore its effects. Exploratory
analyses revealed interaction effects for reductions in social
isolation, which is a notable and important therapeutic target
during the COVID-19 pandemic social restrictions. Although
the two groups did not differ at 3 months, the interaction effect
revealed a decrease in social isolation in the ER group but not
in the WLC group. These findings lend support to ER serving
as a buffer against the social threat perpetuated by the pandemic
[16,83], which can ameliorate its impact on people’s overall
health status [65,66].
Although a growing body of research exists on the efficacy of
ER for chronic and acute pain management [12,33,36,52], the
use of Zoom as a platform to deliver behavioral medicine for
chronic pain, particularly single-session treatment, remains
novel and understudied. In addition, the extant literature on
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digital behavioral health research has reported participant
treatment engagement rates ranging from 20% to 60%
[33,84-86]. Strikingly, the current trial demonstrated a 94%
(47/50) engagement rate in the treatment arm. These results also
highlight the public interest in the web-based delivery of
behavioral medicine interventions as a home-based chronic pain
treatment modality. Combined with high participant engagement
data and high satisfaction with using the Zoom platform, these
data extend prior work [18-25] supporting the utility, user
satisfaction, and efficacy of videoconference-delivered
interventions for chronic pain.

Strengths and Limitations
Several findings should be considered within a number of
limitations. First, given that the participant population was on
average of higher socioeconomic status, as evidenced by their
average education and income levels, the results may not be
generalizable to populations of different demographics. No data
were available on medical diagnoses, current prescriptions,
over-the-counter medication use, or concurrent treatments for
either study group. In addition, all data were self-reported, and
we did not control for receipt of medical care. In light of
COVID-19 restrictions, participants were likely to receive their
care via web-based delivery as well. In addition, the pain
intensity measure used was a 5-point Numeric Pain Rating Scale,
as opposed to the 11-point Numeric Pain Rating Scale [87]
typically used in research, limiting variability and may have
obscured treatment effects and clinically meaningful findings.
Finally, the participants were unblinded to the study group
assignment. However, given that ER is low risk and low burden,
placebo effects are less concerning. Replication studies were
indicated with participants with more demographic variability
over a longer follow-up period. Finally, future studies should
characterize pain diagnoses and pain types.
Despite these limitations, this web-based study evidenced strong
interest and participant engagement with single-session
skills-based pain treatment, thus supporting further research
and extension of web-based ER into clinical care. Second, the
COVID-19 context and web-based delivery modality support
the ecological validity of the study findings. Notably, the study
was conducted remotely and did not benefit from any in-person
contact that occurred when research was conducted in medical
treatment settings (ie, halo effects). Additional aspects of
methodological rigor included analyst blinding, intention-to-treat
analyses, and randomization. Finally, our sample included
minimal exclusions, which rendered it highly generalizable to
other real-world individuals.
This study examined class cohorts comprising approximately
25 participants, and in-person class sizes ranged between 20
and 85, thus illustrating the promise of scalable pain care.
Indeed, ER may help address pain disparities by ensuring rapid
and more equitable access to pain treatment. Our findings
provide initial evidence that the web-based delivery of ER may
efficiently reduce the burden of chronic pain and improve
symptom management. Additional research is needed to test
the pragmatic comparative effectiveness of web-based ER to
other treatments, such as gold-standard 8-week CBT, and to
determine the heterogeneity of treatment effects.
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Conclusions
In 2019, the US Health and Human Services cited ER as a
promising scalable behavioral pain treatment [88]. For the first
time, this study determined the preliminary efficacy of the
Zoom-delivered class in reducing the burden of chronic pain
and improving symptom management. Importantly, the

Ziadni et al
web-based single-session class addresses the rapidly expanding
need for alternatives to face-to-face encounters due to the
COVID-19 pandemic. Web-based delivery of ER stands to
largely improve patient access and engagement because it is
adaptable to medical or community settings, is readily
extendable to underserved populations (eg, rural locations), and
may be offered at a low cost.
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Abstract
Background: Although past research has focused on COVID-19–related frames in the news media, such research may not
accurately capture and represent the perspectives of people from diverse backgrounds. Additionally, research on the public
attention to COVID-19 as reflected through frames on social media is scarce.
Objective: This study identified the frames about the COVID-19 pandemic in the public discourse on Twitter, which voices
diverse opinions. This study also investigated the amount of public attention to those frames on Twitter.
Methods: We collected 22 trending hashtags related to COVID-19 in the United States and 694,582 tweets written in English
containing these hashtags in March 2020 and analyzed them via thematic analysis. Public attention to these frames was measured
by evaluating the amount of public engagement with frames and public adoption of those frames.
Results: We identified 9 frames including “public health guidelines,” “quarantine life,” “solidarity,” “evidence and facts,” “call
for action,” “politics,” “post-pandemic life,” “shortage panic,” and “conflict.” Results showed that some frames such as “call for
action” are more appealing than others during a global pandemic, receiving greater public adoption and engagement. The “call
for action” frame had the highest engagement score, followed by “conflict” and “evidence and facts.” Additionally, “post-pandemic
life” had the highest adoption score, followed by “call for action” and “shortage panic.” The findings indicated that the frequency
of a frame on social media does not necessarily mean greater public adoption of or engagement with the frame.
Conclusions: This study contributes to framing theory and research by demonstrating how trending hashtags can be used as
new user-generated data to identify frames on social media. This study concludes that the identified frames such as “quarantine
life” and “conflict” and themes such as “isolation” and “toilet paper panic” represent the consequences of the COVID-19 pandemic.
The consequences could be (1) exclusively related to COVID-19, such as hand hygiene or isolation; (2) related to any health
crisis such as social support of vulnerable groups; and (3) generic that are irrespective of COVID-19, such as homeschooling or
remote working.
(J Med Internet Res 2021;23(9):e30800) doi:10.2196/30800
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Introduction
Public Opinion on Twitter
COVID-19 is a global public health pandemic threatening
millions of lives worldwide, leading to approximately
188,655,968 confirmed cases and 4,067,517 deaths across the
globe as of July 16, 2021 [1]. Twitter was used as one of the
major platforms for disseminating information and knowledge
about the COVID-19 pandemic, resulting in massive data
generated by the public about various aspects of the virus [2].
Twitter has become the most frequently used communication
medium for disseminating health information since the outbreak
of H1N1 in 2009 [3] and later during the outbreak of the H7N9
virus, or bird flu, in 2013 [4]. It was also a platform for
discussing the Zika virus epidemic in 2015 and 2016 [5].
People use Twitter and other social media platforms to interact
with, share their opinion about, and engage with public health
messages in real time. Twitter allows public health gatekeepers
to interact with the public directly. For instance, the Centers for
Disease Control and Prevention, the World Health Organization
(WHO), health care officials, and organizations used Twitter
regularly to share public health messages about the pandemic
and communicate its risks to the public [2].
The data shared on Twitter can be used to analyze and study
public opinion. Understanding public opinion could help
researchers and authorities identify the public’s needs, priorities,
preferences, and behavior in real time. In turn, these data could
impact public policy by encouraging governments and health
care officials to distribute proper resources, take actions, and
plan accordingly [6-8]. For instance, Avery [9] reported that
monitoring public opinion about the Zika virus crisis on social
media helped public information officers have a higher level of
preparedness for managing the crisis.

Frame Analysis of Public Opinion
Public opinion refers to people’s collective opinion about an
issue such as COVID-19. The public consists of all the groups
and subgroups in society, such as workers, doctors, officials,
politicians, journalists, and students [10]. An effective strategy
to understanding public opinion and attention to an issue is
analyzing how people perceive and frame the issue [11,12].
Framing refers to selecting some aspects of an issue, promoting
them, and making them salient [13]. Journalists and news media
often use framing to conceptualize an issue, bring public
attention to some aspects of the issue, and minimize attention
to other aspects of it [14,15]. People also use framing to make
sense of complex information, interpret and organize these ideas
into comprehensible concepts, and present them to others [16].
Analyzing public opinion by frame analysis provides insights
into the content and sentiment-based aspects of an issue [17].
Frames can serve as a starting point for designing effective
messages to address people’s needs and concerns during public
health crises [18]. Journalists, policymakers, professionals, and
scientists use frames to communicate their messages in a more
effective way that is easily understandable by the public [19].
Frames can also be used by governments, advocacy groups, and
authorities to design public education materials, present more
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engaging and effective public dialogue, write more relevant
stories for the public, and expand their audience, reach, and
impact [20]. For instance, framing of messages related to
COVID-19 can be used to design and target messages in an
effective way to enhance public engagement with public health
guidelines [21].

Effect of Frames on Public Attention
An important aspect of framing research is to study the effect
of frames on public attention. “Public attention refers to the
general acknowledgement of a subject in the public sphere and
subsequent civic discourse on the subject” [22]. Different frames
about an issue can cause varied effects on public attention. A
small change in how a topic is presented can sometimes cause
a butterfly effect on public attention [15]. Framing or reframing
an issue can shift how people understand the story, consequently
changing how people respond to it [16]. Once the public turns
its attention towards a series of frames about an issue and adopts
those frames, it is likely that they collectively agree on the best
decision and course of action [15]. The study by Krishnamurthy
et al [23] showed that, when discussing the performance of
medical treatments, the messages that are framed positively (ie,
the chance of treatment success rather than its failure) had a
greater impact on health treatment decisions. Almashat et al
[24] indicated that survival frames (ie, the likelihood of
surviving a certain procedure) would lead to making more
informed medical decisions than mortality frames (ie, the
possibility of dying from a certain procedure). Analyzing the
effect of COVID-19 frames on public attention can be used to
determine which frames are more effective in receiving greater
public attention and impacting public opinion.
In summary, Twitter provides valuable user-generated data that
can be beneficial for different stakeholders to respond to health
crises. Although some studies have analyzed the frames about
COVID-19 with a focus on the news media of politicians
[18,25-28], there is no systematic study about the frames in
public discourse on Twitter for this global pandemic. Therefore,
this study aimed to fill this gap with the following research
objectives.

Research Objectives
The aim of this research was to (1) identify the frames associated
with the COVID-19 pandemic in public discourse on Twitter
and (2) analyze which of the COVID-19 frames in public
discourse have received greater public attention on Twitter.

Literature Review
Framing of the COVID-19 Pandemic
During public health emergencies, it is critical to communicate
public health messages and guidelines to the public effectively.
One way to make public health messages more effective is to
frame them in a way that helps people understand health crises
and positively impact their decision making and behavior.
Previous empirical research shows that the news media play an
important role in framing public health crises [25]. As evident
in Multimedia Appendix 1, Ogbodo et al [26] analyzed the
frames in 8 leading global media outlets globally, such as the
BBC, News York Times, CNN, and People’s Daily. Poirier et
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al [27] investigated the frames used on the front pages of 12
well-known Canadian news media sources. Park et al [18]
analyzed Korean COVID-19–related tweets to identify medical
and nonmedical news frames, and Yu et al [25] studied the
frames in the tweets of 2 major newspapers in Spain: El Mundo
and El País.
The literature on the framing of COVID-19 shows that most
past studies have focused on how COVID-19 has been framed
by political figures and the news media [28]. These studies
reflect the frames promoted by established gatekeepers, namely
the news media, in society who may have some hidden agenda.
Unlike previous framing studies, this study attempts to fill this
gap by focusing on the frames related to COVID-19 in public
discourse on Twitter, which voices the opinions of diverse
groups of people.

Hashtags for Framing Messages on Twitter
Framing studies uses the features of communicating text to
identify frames. The linguistic features include headlines or
subheads of newspapers; photographs and photo captions;
paragraphs of articles [29]; social media posts, such as tweets
[30]; and other visual images, like icons [31]. For instance,
Hellmueller and Zhang [32] used photographs to identify frames
regarding the European refugee crisis in CNN
International and Der Spiegel online news sites. Benziman [28]
used US President and British Prime Minister speeches to
identify how they framed issues related to COVID-19.
Hashtags are a linguistic feature that can be used to identify
frames on Twitter and other social media platforms. Hashtags
serve as catchphrases that can identify frames in tweets [33].
They represent a shared meaning or context [34] that, similar
to frames, can highlight the most salient aspects of an issue (see
[35]) in such a way as to promote it (see [13]).
In such circumstances as breaking or emerging events, a specific
hashtag (eg, #BlackLivesMatter) or a set of hashtags (eg,
#StayHome, #WashYourHands) become the main channel to
represent an issue in online conversations by social media users.
Hashtags that gain community-wide adoption and popularity
can be used to identify the ad hoc framing of an event. Widely
adopted hashtags show how the public frames a topic and can
be used to determine the thematic frames of the issue [17].
Nevertheless, limited studies have acknowledged the possibility
of using hashtags to identify frames (eg, [17,33]). Hence, this
research explored hashtags in frame analysis as a new approach
for framing theory and research.

Trending Hashtags in Frame Analysis
Among the numerous widely adopted hashtags on social media,
some may become trendy and viral. Popular hashtags emerge
in response to breaking news and other unexpected events, such
as when an important, nationwide, or global issue happens
[36,37].
Hashtags may go viral on Twitter as more and more people
begin to use them [38]. Many users engage with trending topics
and hashtags on social media [36]. Trending hashtags or topics
often do not last long on Twitter [39]; however, they receive
an initial increase of public attention, and then the focus of the
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public shifts elsewhere [34]. Trending topics and hashtags
represent which issues have drawn the most public attention
[36]. Trending hashtags also represent a community of online
users who attend a unique topic or event for a limited period
[34]. The mechanisms by which Twitter identifies the top
trending topics and hashtags [36] or what causes some topics
to become widely popular are not clear [39]. Nonetheless, such
popularity peaks are of great relevance for identifying the issues
that are the focal point of the public. As such, trending hashtags
are suitable tools to be used in frame analysis of social media
posts.

Benefits of Using Hashtags in Frame Analysis
Using hashtags in frame analysis has 2 benefits: It facilitates
framing public opinion on social media, and it mitigates the
subjectivity issue in frame analysis. Hashtags, similar to
photographs [40], make it easy for researchers to understand
what the tweet's content is about because they are the commonly
accepted public signals for framing and presenting an event or
topic among all social media platforms. While framing research
on social media has focused mostly on analyzing social media
posts, the question of how issues are framed through hashtags
has remained relatively underexamined.
Content analysis is a dominant method for analyzing and
identifying frames on social media (eg, [41]) and in non-social
media contexts (eg, [42]). Matthes and Kohring [43] noted that
a major issue with identifying frames through content analysis
is that it involves researchers’ subjective biases in analyzing
and coding the text differently. Researchers’ subjective biases
question the validity and reliability of content analysis and the
results in frame analysis [43]. Subjectivity is nearly impossible
to avoid [19]; however, using hashtags to identify frames
mitigates the subjective role of the researcher in frame analysis
because hashtags have a “classificatory function” of indicating
what a social media post is about [44]. Therefore, hashtags
enhance the researcher’s capability to describe online
information [45] and identify “textual aboutness” [46] of social
media posts. In some cases, hashtags may not stand alone in
understanding textual aboutness because textual aboutness can
be sensitive to context. For instance, a hashtag might reflect 2
different meanings simultaneously [44].

The Effect of Frames on Public Attention on Social
Media
There is no standard way for measuring public attention on
social media [47]. However, some previous studies have used
tweet activity, such as the retweet frequency, to measure public
attention [47,48]. Ripberger et al [48] studied public attention
by assessing the number of tornado-related tweets posted on
Twitter. Ripberger et al [48] assumed that the increase in the
number of tornado warnings and number of tornado watches
(issued by 2 different institutes) led to an increase in the number
of tweets (representing public attention). Chew and Eysenbach
[3] also indicated a coincidence between major H1N1 news and
the frequency of H1N1 tweets in April 2009. The presence of
a relationship between tweet activity and public attention has
been shown in other studies about swine flu [49] or influenza
[50].
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None of the framing studies on COVID-19 [18,21,25-28] have
identified the effect of frames on public attention. This study
investigated the effect of COVID-19 frames in public discourse
on Twitter on public attention. This study took a new approach
that measures public attention more accurately than the methods
used in previous studies because it measured not only tweet
activity (ie, number of likes and retweets a frame receives) but
also how many unique Twitter users have adopted a frame. In
this new approach, public attention was measured by evaluating
the score of public engagement with frames and the score of
public adoption of frames (see Methods, Measuring Public
Attention). Public engagement refers to the number of likes and
retweets each frame has received. Public adoption is assessed
by the number of unique users in each frame category [51].

Methods
Data Collection
Twitter was the primary source of data collection (ie, hashtags
and tweets) in this study. The get_trend function from the
retweet package in the R software was used to collect trending
hashtags related to COVID-19 on Twitter in March 2020.
Additionally, the trending feature on the Twitter website was
observed at least 3 times a day for the entire month of March
2020 to track and record trending hashtags. The trending
hashtags identified by the get_trend function were exactly
similar to those identified on Twitter. In March 2020, 22
trending hashtags related to COVID-19 were identified on
Twitter. Additionally, the trending hashtags from each day were
searched in the search box of the Twitter website to find other
relevant hashtags and achieve a greater degree of reliability in
data collection. For instance, by searching #QuarantineLife, a
trending hashtag on March 16, 2020, additional hashtags,
including #QuarantineDogs and #QuarantineCats, were
identified.
This study then collected the tweets that contained at least one
of the trending or associated hashtags. The search_tweets
function in the retweet library was used to collect tweets by the
R software and the streaming application programming interface
(API). R, Salesforce Social Studio, and Brandwatch were used
to collect 694,582 tweets written in English from March 1, 2020
to March 31, 2020.
This study removed the retweets in the dataset to analyze initial
tweets posted by people on Twitter. Additionally, quote tweets
(ie, the retweets with comments), representing the original
comments posted by Twitter users, were analyzed.

Bot Account Removal
Bots are automated accounts that can manipulate and impact
public attention on social media [52]. Ferrara [52] indicated
that bots were active during the COVID-19 pandemic and found
that hashtags like #bitcoin, #smartnew, and #grreatwakening
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were mostly posted by bot accounts on Twitter. This study
removed 269,854 (269,854/694,582, 38.85%) tweets posted by
bot accounts to increase the validity of results, leaving 424,728
(424,728/694,582, 61.15%) tweets in the dataset.
The default model of the tweetbotornot package in R software
was used to remove bot accounts [53]. The default model is
93.53% accurate in classifying bots and 95.32% accurate in
classifying nonbots. It uses user-level features (eg, bio, location,
number of followers and friends) and tweet-level features (eg,
number of hashtags, mentions, capital letters) of Twitter
accounts to identify bot accounts [53]. Accounts that received
a score of at least 50% or a probability of 0.5 were considered
bots and were removed [54].

Thematic Analysis to Identify Frames
Hashtags were the main unit of analysis in this research and the
building blocks of identifying frames. The frames identified in
this study are primarily informed by the classification of trending
and associated hashtags to different categories. Additionally,
to identify the frames about COVID-19 in the public discourse
on Twitter, thematic analysis was used. Thematic analysis is a
method that provides a detailed description of the textual data
[55]. In this research, public opinion includes all Twitter users
such as workers, doctors, officials, journalists, politicians,
teachers, and any other group on Twitter.
In thematic analysis, the judgment of the researcher or analyst
is adequate for identifying themes [55]. The researcher analyzes
the text and identifies themes within the “surface meanings of
the data” without looking for anything beyond the text [55].
The thematic analysis helped us provide a more detailed and
nuanced description of hashtags and find repeated patterns of
meaning [55]. The contents of up to 100 randomly selected
tweets were checked to ensure alignment between the hashtags
and the contents of tweets. For instance, #WashYourHands,
#HandWashing,
#SafeHand,
#SafeHands,
and
#HandWashChallenge were classified as one category named
“hand hygiene.” Using thematic analysis, this study analyzed
the content of the tweets associated with these hashtags to ensure
they were related to hand hygiene. The thematic analysis also
helped provide a more accurate description of this category. In
some cases, the thematic analysis helped us redefine the theme
assigned with a set of grouped hashtags.
We followed 5 phases to analyze the themes in the tweets.
Figure 1 presents the workflow visualization for the 5 phases
of the thematic analysis. In the first phase of thematic analysis,
researchers familiarized themselves with the data [56] by reading
the hashtags and the tweets associated with them several times
before coding. It helped researchers obtain some knowledge of
the hashtags, related tweets, and the initial list of ideas and
themes.
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Figure 1. Workflow visualization for the 5 phases of the thematic analysis.

In the second phase, initial codes were generated from trending
and associated hashtags [56]. Hashtags were used to describe
what a particular tweet was about and to create codes. For
instance, #ToiletPaperPanic is a hashtag in the data referring to
the public’s panic for the possible shortage of toilet paper during
the early days of the COVID-19 pandemic. Additionally,
#WashYourHands is a hashtag that emphasizes the importance
of hand hygiene to prevent contracting the COVID-19 virus.
In the third phase, codes were analyzed and classified into
potential themes and subthemes [56]. For instance, the following
set of hashtags — #SocialDistancing, #SocialDistancing,
#KeepYourDistance, #PhysicalDistancing, #SocialDistance,
#SocialDistancingNow,
#YouAreTooCloseIf,
#Dont
BeASpreader, and #StoptheSpread — and the tweets associated
with them helped the researchers to identify and propose the
“social distancing” theme.
In phase 4, the researchers reviewed the themes and, when
necessary, combined, refined, or separated them [56] to generate
the final themes. In the fifth phase, the themes were clustered
into frames. Concise names were assigned to the themes to help
readers comprehend the theme’s meaning [56].

Measuring Public Attention
This study used the scores of public engagement with and public
adoption of frames to measure public attention to frames on
Twitter. Following DeMasi et al [51], this study defined public
engagement as the extent to which users engage with a frame.
Public engagement was measured by the number of times a
given frame had received at least one like or retweet divided by
the frequency of that frame in the entire dataset. The lowest
public engagement score that each frame could receive was 0,
with a maximum of 1.
Public adoption refers to how broadly Twitter users adopt a
frame. High adoption indicates a diverse community with many
unique users who have posted tweets with hashtags in each
frame. Low diversity shows a tight community with only a few
users posting tweets with the hashtags in a given frame multiple
times [51]. Public adoption was measured by the number of
unique Twitter user accounts in a given frame divided by the
frequency of the frame [51]. The public adoption score ranges
from 0 to 1 as the minimum and maximum scores, respectively.
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Results
Framing of COVID-19 on Twitter
We identified 9 categories of frames through thematic analysis
(see Multimedia Appendix 2). Each frame is defined by a set
of consequences of COVID-19 along with hashtags,
characterizing what each frame category describes. The frames
are “public health guidelines,” “quarantine life,” “solidarity,”
“evidence and facts,” “call for action,” “politics,”
“post-pandemic life,” “shortage panic,” and “conflict.”

Public Health Guidelines
Public health guidelines consisted of 5 main themes: isolation,
social distancing, hand hygiene, face hygiene, preventive tips,
and awareness. Isolation included hashtags that encourage and
advise people to isolate themselves to prevent the spread of the
virus. Some of the hashtags in this theme, such as
#StayHomeStayHealthy or #StayHomeSaveLives, positively
motivate people to self-isolate by staying home. This frame also
included the recommendations people made to call others’
attention to the precautionary measures required to reduce the
chance of being infected by the virus, such as practicing social
distancing and face and hand hygiene (eg, #SocialDistancing,
#WashYourHands, and #WearAMask). Sometimes tweets
contained hashtags with a sense of humor and positive
sentiments, such as #YouAreTooCloseIf or #How
toKeepPeopleHome.
Other hashtags in this frame, such as #CoronaVirusTips, were
used to provide guidelines and tips about various aspects of the
virus, including how to clean smartphones, wash hands, and do
contactless delivery of food. Additionally, this frame included
tips for preventing potential exposure to the virus. For instance,
#CoronaVirusPrevention was used to show how police
departments should prevent potential disclosure and provide
coronavirus prevention tips for people with disabilities.

Quarantine Life
This frame contained several themes that focused on people’s
daily lives during the quarantine. People used various hashtags
to share stories, pictures, or videos of their home offices, the
homeschooling of kids, and their pets. Pet owners used hashtags
such as #QuarantineCats or #QuarantineDogs to share humorous
content about their living experiences in isolation.
#After3WeeksWithMyFamily and #SideEffectsofQuarantineLife
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were used to post amusing messages along with photos or
videos, often to make fun of the lived experience and actual
difficulties people were dealing with during the pandemic.
Quarantine life also focused on the impact of the pandemic on
how people worked and learned during the quarantine. People
posted videos or pictures of themselves using hashtags such as
#RemoteLearning, #DistanceLearning, #RemoteWorking, or
#OnlineLearning while working or learning from home.

Solidarity
Solidarity focused on inspiring, encouraging, and giving hope
to each other; social support; providing voluntary services to
communities; acknowledging health care professionals; and
emphasizing unity. People used hashtags such as #StayStrong
or #TogetherApart to inspire “staying home together” during
the pandemic. The hashtags #CoronaWarriors, #ClapForCarers,
#HealthCareHeroes, and #ClapForOurCarers were used to show
appreciation to the frontline workers in fighting the pandemic,
namely health care professionals.
A major theme in solidarity was social support, which consisted
of hashtags used to assist various (vulnerable) populations or
services. For instance, #ProtectOurSeniors was used to
emphasize the importance of supporting seniors medically,
financially, and emotionally. Other hashtags such as
#OpenForTakeout, #OpenForDelivery, #SupportSmallBusiness,
and #SupportLocal were used to support businesses and
acknowledge the stores open for takeout or delivery during the
pandemic.

Call for Action
This frame refers to a lack of accountability and responsibility
in governments for not taking necessary actions to close public
places. This frame also consisted of hashtags that show that the
public is also responsible for their lack of compliance with
public health guidelines. For instance, #CloseTheBeaches was
used in tweets to emphasize that a public space like beaches
should be closed as many people went to Florida’s beaches
during the pandemic.

Evidence and Facts
This category focused on updates, reality, and truths about
various aspects of the COVID-19 virus, such as the total number
of deaths, new cases, discharged patients, and further evidence
about how the virus spreads. For instance, #CoronaVirusUpdates
was used on March 29, 2020 to refer to emerging hotspots of
coronavirus and emphasized that New York remained the
worst-hit US state. Another hashtag in this category was
#CoronaVirusTruth, which was used to provide people with the
facts and truths about COVID-19, such as the increasing number
of deaths across the globe.

Politics
This frame refers to the accountability of politicians for their
national policies and actions during the pandemic. Some
hashtags were used to hold political officials accountable for
their policies, decisions, and actions regarding the COVID-19
pandemic. The tweets in this category often had a negative
sentiment. For instance, #TrumpLiedPeopleDied was used to
show a lack of transparency and timely action to control the
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virus, not taking the pandemic seriously, and not following
public health guidelines and policies. #ChinaLiedPeopleDied
was, on the other hand, used to make China responsible for the
transmission of the COVID-19 virus to other countries.

Post-Pandemic Life
This frame focused on the positive sentiment surrounding
people’s plans, feelings, and life after the pandemic is over.
#WhenCoronaVirusIsOver and #WhenILeaveMyHouseAgain
are the hashtags in this category that sometimes were posted
with tweets with a sense of humor. For example, a tweet stated,
“people are going to stay home even when the pandemic is
over.” People used the hashtags in this category to refer to the
food they like to eat; to describe the places or people they enjoy
visiting; to recommend things people should avoid, like eating
animals; to emphasize that the world would be a cleaner place
after the pandemic; and to suggest that people would love and
respect nature more than in the past.

Shortage Panic
This frame showed panic about the shortage of products as a
top priority of people when the pandemic had just started in
March 2020. Shortage panic refers to the public reaction to and
anxiety about the shortage of resources, including bottled water,
toilet paper, hand sanitizer, and food. Most tweets in this
category contained an image showing empty shelves in stores
or people lined up in stores trying to purchase products such as
toilet paper.
This frame demonstrated uncertainty in the public about how
much supplies were needed because the future was unpredictable
[57]. The uncertainty about the pandemic led to an “exaggerated
sense of urgency and a fear of scarcity,” which resulted in actual
scarcity [57].

Conflict
Conflicts refers to arguments and disagreements among people.
Hashtags such as #FilmYourHospital or #EmptyHospitals were
used to imply that COVID-19 was not as severe as stated by
the media, governments, or health officials. Some people used
these hashtags to frame their disapproval of the lockdown and
social distancing or to suggest that COVID-19 is not real by
filming empty hospitals. Another hashtag in this category was
#FakeNews, which people used to share opposing views about
various aspects of COVID-19. It was also used to show
disapproval with the information and news spread about the
virus, mostly by the news media or politicians from both the
Democratic and Republican parties. #FakeNews was sometimes
used to argue in favor of issues related to COVID-19, and other
times, it was used to argue against those issues (see [19]).

Public Attention to Frames
Public attention to frames was assessed using the 2 measures
of “public engagement” and “public adoption.” Public
engagement shows how engaging a frame has been on Twitter,
counted by the number of retweets and likes a frame had
received. Public adoption refers to the number of unique Twitter
user accounts in a given frame category, divided by the
frequency of frames in that frame category [58].
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Table 1 shows public engagement with each frame. “Call for
action” had the highest engagement (0.68), followed by
“conflict” (0.67) and “evidence and facts” (0.59). Table 2 shows
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the public adoption score for each frame. “Post-pandemic life”
(0.99) had the highest adoption score, followed by “call for
action” (0.92) and “shortage panic” (0.91).

Table 1. Public engagement with frames.

a

Frame
number

Frame

Frequency of the frame, n

Labeled Yesa, n

Labeled Noa, n

Public engagement score
(Yes/Yes+No)

1

Public health guidelines

171,009

94,545

76,464

0.55

2

Quarantine life

86,983

48,701

38,282

0.56

3

Solidarity

46,164

25,253

20,911

0.54

4

Evidence and facts

31,819

18,874

12,945

0.59

5

Call for action

31,809

21,881

9928

0.68

6

Politics

24,346

11,903

12,443

0.49

7

Post-pandemic life

20,442

11,439

9003

0.56

8

Shortage panic

16,815

9321

7494

0.55

9

Conflict

3550

2384

1166

0.67

Each frame receiving at least a retweet or like was labeled as “Yes”; otherwise, it was labeled as “No.”

Table 2. Public adoption of frames.
Frame number

Frame

Frequency of unique users (U), n

Frequency of frame (F), n

Public adoption score (U/F)

1

Public health guidelines

142,105

171,009

0.83

2

Quarantine life

75,439

86,983

0.87

3

Solidarity

37,424

46,164

0.80

4

Call for action

29,134

31,809

0.92

5

Evidence and facts

27,957

31,819

0.88

6

Politics

21,724

24,346

0.89

7

Post-pandemic life

20,149

20,442

0.99

8

Shortage panic

15,255

16,815

0.91

9

Conflict

2095

3550

0.60

The distribution of public engagement and public adoption is
illustrated in Figure 2. According to this figure, although conflict
had the lowest frequency (n=3550), it received the
second-highest engagement score (0.67). Public health
guidelines had the highest frequency (n=171,009), followed by
quarantine life (n=86,983); however, their public adoption and
engagement scores were not high. Pearson correlation did not
show any correlation between public adoption and public
engagement: r8=–0.46, P=.18.
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Figure 3 presents the distribution of public engagement with
and public adoption of frames in terms of frame frequency. No
meaningful patterns can be observed in frame engagement and
adoption based on frequency. Pearson correlation showed no
correlation between engagement and frequency (r8=–0.26,
P=.46) nor between adoption and frequency (r8=0.13, P=.70).
The insignificant results could mean that, if a frame receives
high adoption by the people, it does not indicate that the frame
would also achieve a high engagement (or vice versa).
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Figure 2. Distribution of the frames "public engagement" and "public adoption".

Figure 3. Distribution of the frames "public adoption" and "public engagement" in terms of frequency.

Discussion
Principal Findings
This study analyzed the trending and associated hashtags in
March 2020 during the initial phases of the COVID-19
pandemic. We found 9 frames in the public discourse on Twitter:
“public health guidelines,” “quarantine life,” “solidarity,”
“evidence and facts,” “call for action,” “politics,”
“post-pandemic life,” “shortage panic,” and “conflict.” These
frames and the hashtags within them such as
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#SupportSmallBusinesses and #StayPositive can be used to
identify the types of information that should be delivered during
any public health crisis, specifically the initial phase of the
crisis. Furthermore, some of the frames such as solidarity,
evidence and facts, call for action, politics, shortage panic, and
conflict can be used in any local or global crisis such as social
movements, earthquakes, tornadoes, hurricanes, and floods. For
instance, the solidarity frame can be used to design messages
to encourage people during an earthquake to show solidarity to
those impacted by the crisis.
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This study also evaluated public attention to the identified
frames by assessing the amount of public engagement with and
public adoption of frames. Among all frames, “call for action”
had the highest engagement score, followed by “conflict” and
“evidence and facts.” Additionally, “post-pandemic life” had
the highest adoption score, followed by “call for action” and
“shortage panic.”
According to Price and Tewksbury [59], framing is more
effective when it is relevant to people, such as when the frames
resonate with the audience’s beliefs or ideology [20]. The effects
of frames on public opinion could be more substantial when the
quality or logic of the argument and source credibility are more
reliable [60]. The frames with greater public attention could be
used strategically to design messages that affect public opinion
more efficiently during public health emergencies. Additionally,
these frames could be used to increase the performance of social
media posts and encourage public compliance with public health
messages.

Theoretical Contributions and Implications
This study informs framing theory and research in several ways,
mentioned in the following sections.

Frames as the Manifestation of COVID-19
Consequences
This research informs framing theory by indicating that frame
analysis of public discourse on social media via hashtags is
valuable not only in understanding public opinion about various
aspects of the pandemic but also in recognizing the
consequences of the pandemic on people’s lives, such as panic
over the shortage of products.
The findings indicated that frames are the manifestation of
COVID-19 consequences. The consequences discussed by
people on Twitter about COVID-19 could be classified and
analyzed based on whether (1) they were exclusively related to
COVID-19, such as hand hygiene or isolation (ie, people are
isolated or wash their hands because of COVID-19); (2)
consequences could be related to any health crisis such as social
support of vulnerable groups (ie, vulnerable groups require
social support in any pandemic); and (3) consequences were
generic irrespective of COVID-19, such as homeschooling or
remote working (ie, some people homeschooled or worked
remotely even before the pandemic).

Motivations and Sentiments in Frames
The findings showed that hashtags can promote intrinsic or
extrinsic motivations among social media users. Hashtags can
also convey a positive or negative sentiment. For instance,
#StayHomeStayHealthy promotes an extrinsic motivation in
people because this hashtag motivates people to stay home for
external factors, such as prevention of contracting or spreading
the virus. Another example could be #StayHomeStayHealthy,
which has a positive sentiment because it indicates that staying
healthy is a positive aspect of staying home.

Frames Promote the Collective Interest
Most hashtags promoted collective interest among people. For
instance, #SocialDistancingNow was used by Twitter users to
motivate people to prevent the potential transmission of
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COVID-19 for the public good. Another example could be
#WearAMask in public, which promotes a collective interest
to prevent the spread of the virus rather than merely preventing
oneself from contracting the virus [61].

Conflict and Disagreement With Evidence and Facts
People used the “conflict” frame to discredit the evidence, facts,
and updates about the COVID-19 virus, such as its fatality rates.
Previous studies indicate that the news media sometimes use
the “conflict” frame to report disagreements and arguments
among people or groups to capture more audiences [42]. Using
the conflict frame in social media posts can “increase the
perceived seriousness and news value of an event” [62].
The conflict frame seems to be important in both the news media
and public discourse during public health emergencies. Shih et
al [14] stated that the conflict frame (defined as the arguments
and disagreements among news sources) is the main frame in
the media coverage of public health pandemics. Park et al [18]
also found that conflict was a main frame in the Korean news
media tweets about COVID-19. The popularity of the conflict
frame demonstrates that there are always groups of people with
disagreements about facts and evidence during public health
emergencies.
This frame had the lowest frequency and lowest public adoption
score among all frames identified in this study. A few previous
studies have also indicated that news with conflict frames has
been shared less on social media than news without conflict
frames [62]. However, in this study, the conflict frame received
the second-highest score for public engagement. This high score
could be an indication that hashtags with conflicting information,
such as #FilmYourHospital, are highly engaging on social
media, despite their low frequency. A low adoption score with
a high engagement score could indicate a focused community
structure [51].
The “conflict” and “evidence and facts” frames indicate the
presence of a chain of reactions, in that in response to the people
who post information about facts and updates related to
COVID-19 (ie, the evidence and facts frame), another group of
people used the conflict frame to challenge those facts and
updates (ie, the conflict frame). Some people would then, in
turn, react to the conflict frame by sharing evidence and facts
about the virus.

Vulnerable Groups
Our results indicated that frame analysis could be used to
identify groups of vulnerable populations (eg, seniors, workers,
and local and small businesses) and how the people frame their
concerns and opinions about the needs of such populations on
Twitter. It was found that vulnerable populations have been in
need of prompt attention and support during the COVID-19
pandemic. For instance, seniors require social support, workers
need safe workplaces, and local and small businesses need
financial support. The findings did not show any hashtag
referring to race or ethnic minority groups and health disparity
populations, such as refugees, immigrants, homeless individuals,
countries with fewer resources, or other marginalized
communities. Overall, frame analysis through hashtags can be
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used to identify the populations that need more attention and
support during global crises.

Accountability of Gatekeepers
Frame analysis can also identify who or which groups are
responsible for managing a public crisis in the public view. The
“call to action” frame indicated that Twitter users held federal
and local governments accountable for their lack of actions
regarding the closure of public places like beaches or restaurants.
The “politics” frame also demonstrated people’s reaction to
politicians’ decisions, policies, and insufficient actions during
the pandemic. The politics frame includes hashtags that show
those responsible for the situation in the public view. For
instance, many hashtags in this category were used to make the
US President accountable for the increasing number of
COVID-19 cases and deaths. This frame could also show a lack
of trust between politicians and the public, which often occurs
during the initial phases of a pandemic [63].

The Use of Humor in Public Health Messages
The results in this study inform framing research by showing
that people used hashtags such as #QuarantineCat
or #HowToKeepPeopleHome to share information with
humorous content. These hashtags were not directly related to
COVID-19 but were generated and used by Twitter users due
to COVID-19. Additionally, people used these hashtags to share
their experiences of living in isolation. Some tweets with these
hashtags were used to make fun out of the lived experience and
actual difficulties people were dealing with during the pandemic.
The use of humor in tweets has been previously reported in
some past studies [64,65]. For instance, Kopper [65] noted that
the use of humor in diplomatic tweets has a conflict-mediating
role. In this study, the use of humor in public health tweets had
a role in mitigating public anxiety or fear as the consequences
of the pandemic. Perhaps people use humor in tweets to convey
complex public health messages that are more attractive to
audiences.
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can support the public in the expression of their feelings and
opinions during global crises [21]. The frames can also be used
to influence public opinion, behavior, and actions about critical
and complex issues related to COVID-19 (see [33]).
Governments, practitioners, organizations, activists, and
authorities can take advantage of hashtags to frame their
messages to inform the public about the consequences of lack
of adherence to public health guidelines. For instance,
governments and public health officials need to share actionable
guidelines with citizens during public crises and inform them
about what is happening. These activities require understanding
of how messages should be framed and presented so that risk
communications are accepted and adopted by the public [67].
If health communication officers, political officials, and other
authorities wish to encourage citizens to follow public health
guidelines, stay optimistic, and be supportive during a health
crisis, they can frame their messages using the hashtags
identified in this research. For instance, a message by the WHO
could be framed as follows: “#WeAreInThisTogether:
#StayStrong at home and post a video or picture of your dogs
or cats in #Quarantine. Use #QuarantineCats or
#QuarantineDogs to help others see your posts.”

Issues and Their Roots
The results indicated that framing can also be used to identify
the roots of the issues discussed by people on social media
during public health crises. For instance, framing could be used
to understand when, how, and about which topics false
information is being distributed. The results indicated that
#FilmYourHospital was a hashtag used by people to frame
disagreements with evidence and facts about the COVID-19
pandemic. Once such problems and their roots are discovered
through frame analysis, officials can find solutions, which, in
this case, would be to neutralize and thwart false information
dissemination.

Although humorous hashtags may simply not seem appropriate
for use in public health communication, they can make up part
of a broader information-sharing strategy. For example, to
communicate safety guidelines, social media posts could be
labeled with humorous hashtags that are appealing. The
safety-related messages may then be transferred to and adopted
by the public through such hashtags. Additionally, practitioners,
activists, organizations, and authorities can actively embed
relevant and meaningful hashtags into their posts that are framed
more generally within appealing concepts.

Frame analysis can be used to identify what people are panicked
about during a public health crisis. Another issue discussed by
people was the “shortage panic,” referring to people’s reactions
to the shortage and unavailability of products in the early days
of the pandemic in March 2020. This panic could possibly be
due to uncertainty in the public about what will happen in the
future, lack of real-time communication with the public, or lack
of trust between people and government officials. The study by
Naeem [68] also indicated that uncertainty about COVID-19
triggered people to buy extra necessary food items, which
resulted in the buying panic during the COVID-19 pandemic.

Practical Implications

Methodological Contributions

Designing Health Messages

This research contributes to the methodology of framing
research on social media in several ways, as explained in the
following sections.

The frames found in this study can also facilitate the
communication on social media of various aspects of COVID-19
or any future health crisis. They can be used as a starting point
for designing effective messages to address people’s needs and
concerns during future public health crises [18]. For instance,
based on the current research, it can be suggested that health
messages should be communicated with empathy, as also
proposed in the study by Hyland-Wood et al [66]. These frames
https://www.jmir.org/2021/9/e30800

XSL• FO
RenderX

Accuracy in Data Collection
In this research, the trending and associated hashtags were used
to collect tweets. Using hashtags can increase the accuracy of
collecting relevant tweets. The hashtag search approach is more
accurate than the keyword-based search approach used in some
past studies, such as that by Jang and Hart [69], mainly because
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people use hashtags to describe their tweets [70]. Jang and Hart
[69] searched “climate change AND real” to find tweets
associated with the “real frames” or searched “climate change
AND action” to find tweets about “action frames.” A major
issue with the keyword-based search and analysis is that it may
result in retrieving extraneous tweets or excluding relevant ones,
as stated by Jang and Hart [69].

locations, and other criteria (see Twitter trends FAQs). Second,
a hashtag may be trending for a couple of hours, a day, or in
rare cases, more than a day. A hashtag that is trending today
may not be trending tomorrow, but people may still use the
hashtag for a short or long period of time. The hashtag may
disappear temporarily after a few days, may gain attention again
in the future, or may disappear permanently [36].

Using Trending Hashtags to Identify Frames

Future Research

Unlike most previous framing studies on Twitter that have solely
analyzed tweets to identify frames, this study analyzed trending
and associated hashtags along with the tweets containing those
hashtags to identify frames. Jang and Hart [69] stated that an
effective approach for analyzing frames is “to identify unique
components of public rhetoric that clearly represent single
frames of a more complex issue.” Hashtags are unique
components that represent frames of complex issues on social
media. Moy and Bosch [30] noted that frames provide “meaning
about social phenomena through the highlighting and packaging
of information.” Hashtags can also be used to give meaning to
and highlight social phenomena. In the Literature Review
section, the rationale for using (trending) hashtags for identifying
frames was discussed.

This study answers important questions about the frames in
public discourse during the initial phase of the COVID-19
pandemic, but also raises questions to investigate in future
research. This research identified 9 frames, which provide useful
orientation for future empirical and theoretical research that
aims to investigate the frames on social media during global
(health) crises. Future studies can expand these frames and apply
them to other global crises.

Measuring Public Attention on Twitter
There is no standard way for measuring public attention on
social media [47]. This study contributes to the methodology
of framing research by examining the amount of public attention
to frames by evaluating public adoption of frames and public
engagement with frames [51]. Rarely any previous framing
research has used this approach to measure the effect of frames
on public attention on social media. This approach can also be
used to identify the framing effect of the news media on public
attention on social media in future studies.

Study Limitations
The study limitations were mostly related to data collection,
some of which were beyond our control. For instance, due to
the Twitter API restrictions in collecting historical data, all
tweets associated with the trending and associated hashtags
could not be collected. We tried to mitigate this limitation by
using 2 other software for collecting historical data, as explained
in the Data Collection section.
Another limitation is that sampling tweets based on trending
hashtags may not represent all Twitter communication. Hashtags
may only represent a specific subset of Twitter communication.
All Twitter users do not use hashtags in their online
communications on social media [71,72].
As mentioned, to identify the frames, the trending hashtags on
Twitter in March 2020 were collected. Collecting data in other
months may lead to identifying different frames.
Additionally, this research may have missed collecting all
trending hashtags about COVID-19 in March 2020 for several
reasons. First, Twitter determines emerging and trending topics
(topics that are popular now) based on who the users
(researchers who collect the data) follow, their interests, their
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This study did not investigate how different groups of people
that create the public, like citizens, officials, researchers,
journalists, and organizations, frame COVID-19 differently,
which is worth studying in future studies.
Experimental designs should be designed to manipulate the type
and category of frames (while keeping other variables constant)
to understand to what degree hashtags affect public collective
attention (see [73]) on social media.
Future research could also investigate (1) how frames and
hashtags emerge, evolve, and operate and (2) how they succeed
in achieving sustainability during different phases of a pandemic,
such as (1) precrisis, (2) the initial event, (3) maintenance, (4)
resolution, and (5) evolution [74].
Additionally, public compliance to health messages and
guidelines is different than public attention to frames. Public
compliance to COVID-19 can be evaluated by different
measures such as “compliance to public health and social
measures in preventing the spread of COVID-19” [75]. Future
research should investigate how health messages should be
designed and framed to increase public compliance to health
guidelines during pandemics.

Conclusion
This is one of the first studies to use trending hashtags to analyze
and identify frames on social media. It contributes to framing
theory and research by showing that frames represent the
consequences of a public health emergency such as COVID-19.
Additionally, the findings inform framing theory and research
by showing that the methodological advantages of using trending
and associated hashtags lie not only in their ability to
understanding the frames that are the focal point of the public
but also in their potential to allow researchers to measure public
attention to those frames. The results indicated that some frames
are more appealing during a global pandemic than others, such
as “call for action,” therefore receiving greater public adoption
and engagement. It was found that the frequency of a frame on
social media does not necessarily mean greater public adoption
of or engagement with the frame.
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Abstract
Background: The COVID-19 pandemic has led to unprecedented use of telehealth, including by primary care professionals
(PCPs) who serve adolescents.
Objective: To inform future practice and policies, we sought to characterize PCPs’ recent experience using adolescent telehealth
as well as their support for it after the COVID-19 pandemic is over.
Methods: From February to March 2021, we conducted a web-based survey of 1047 PCPs in the United States. Our national
sample included physicians (747/1047, 71%), advanced practice providers (177/1047, 17%), and nurses (123/1047, 12%) who
provided primary care to adolescents aged 11-17 years.
Results: Most PCPs reported using telehealth for a low, moderate, or high proportion of their adolescent patients in the three
months prior to the survey (424/1047, 40%, 286/1047, 27%, and 219/1047, 21%, respectively); only 11% (118/1047) reported
no use. A majority of respondents agreed that adolescent telehealth increases access to care (720/1047, 69%) and enables them
to provide high-quality care (560/1047, 53%). Few believed that adolescent telehealth takes too much time (142/1047, 14%) or
encourages health care overuse (157/1047, 15%). Most supported giving families the option of adolescent telehealth for primary
care after the pandemic is over (683/1047, 65%) and believed that health insurance plans should continue to reimburse for
telehealth visits (863/1047, 82%). Approximately two-thirds (702/1047, 67%) wanted to offer adolescent telehealth visits after
the pandemic, with intentions being higher among those with recent telehealth experience (P<.001).
Conclusions: PCPs in our national sample reported widespread use of and predominantly positive attitudes toward adolescent
telehealth. Our findings also suggest broad support among PCPs for continuing to offer adolescent telehealth after the COVID-19
pandemic ends.
(J Med Internet Res 2021;23(9):e31240) doi:10.2196/31240
KEYWORDS
adolescent health; primary care; telemedicine; health communication; health services; telehealth; adolescent; young adult; teenager;
COVID-19; survey; policy; access

Introduction
The COVID-19 pandemic has rapidly transformed health care
delivery in the United States; for the first time, telehealth is
https://www.jmir.org/2021/9/e31240
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playing a central role in the delivery of primary care for
adolescents. Research conducted prior to the pandemic suggests
that telehealth is a promising mode of delivering discrete types
of health care for adolescents, including in the areas of mental
J Med Internet Res 2021 | vol. 23 | iss. 9 | e31240 | p.1562
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health, asthma and diabetes management, and gender-affirming
care [1-4]. A small body of research also documents the
adolescent medicine community’s impressive efforts to rapidly
scale up telehealth programs in the first months of the pandemic
[5-7]. However, to our knowledge, no published national studies
have explored the experience of primary care professionals
(PCPs) in delivering care to adolescents in the ensuing period,
during which telehealth has presumably become a standard
offering for many. To address this gap, we surveyed a national
sample of PCPs. Our aims were to characterize PCPs’ recent
adolescent telehealth use and attitudes as well as their support
for continuing to offer adolescent telehealth after the COVID-19
pandemic is over.

Methods
Participants and Procedures
We conducted a web-based survey of PCPs from February to
March 2021. We contracted with a survey research company
to administer the survey, which we developed, to a standing
national panel. The company maintained the panel using a
combination of recruitment methods, including web-based
registration, referrals, marketing emails, and digital
advertisements. As part of the recruitment process, physicians
provided licensure information used to verify their identity. For
our survey, eligible panel members were US physicians,
advanced practitioners (ie, nurse practitioners and physician
assistants), and nurses who provided primary care, including
vaccinations, to adolescents aged 11-17 years. In compliance
with state policies governing PCPs’ survey participation, our
sample excluded residents of Vermont.
The survey company emailed invitations and up to two
reminders to panel members. A total of 1055 panel members
responded by accessing the survey. The response rate was 61%
among physicians and 41% among advanced practitioners and
nurses (American Association for Public Opinion Research
response rate 4) [8]. Participants provided informed consent
and received up to US $80 for their participation, depending on
market rates in their area. Based on survey responses, we
excluded 8 PCPs who indicated that they saw no adolescent
patients in a typical week, resulting in a final sample size of
1047 participants. The University of North Carolina Institutional
Review Board approved the study protocol.
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Measures
Our survey began with an introductory statement that defined
adolescent telehealth as visits by videoconference or telephone
for patients aged 11-17 years. The survey next assessed the
extent of PCPs’ recent telehealth use with a closed-ended
question on the proportion of adolescent patients they saw by
telehealth in the 3 months prior to the survey; we recategorized
responses as high (51%-75%, 76%-99%, and 100%), moderate
(26%-50%), low (1%-25%), or no (0%) use. Among PCPs with
any (>0%) use, the survey used 6 closed-ended items to assess
telehealth practice. Of these items, 4 used pre-specified lists to
assess the type of care provided, perceived advantages,
perceived disadvantages, and technological barriers. One item
assessed which vaccines PCPs always recommended during
telehealth visits for adolescents who were due: seasonal
influenza; human papillomavirus (HPV); tetanus, diphtheria,
and acellular pertussis (Tdap); and meningococcal ACWY. One
item assessed how often PCPs requested confidential time to
speak with adolescents during telehealth visits.
Our survey assessed PCPs’ perceptions of adolescent telehealth
with 7 closed-ended questions that used 5-point response scales,
ranging from “strongly disagree” (1) to “strongly agree” (5).
Of these items, 4 assessed PCPs’ attitudes on whether adolescent
telehealth increases access to care, is a way they can provide
high-quality care, takes too much time, or encourages health
care overuse. A total of 2 items assessed PCPs’ support for
adolescent telehealth after the COVID-19 pandemic is over in
terms of whether families should still have the option to use
telehealth for primary care visits and whether health insurance
plans should continue to reimburse for visits. One item assessed
PCPs’ intentions in terms of whether they wanted to offer
adolescent telehealth visits once the pandemic is over. For all
7 items, we recategorized responses as disagree (“somewhat”
or “strongly”), neither agree or disagree, or agree (“somewhat”
or “strongly”).
Our survey assessed PCPs’ demographic and professional
characteristics, including their training, gender, race, number
of years in practice, and number of adolescent patients seen in
a typical week (Table 1). The survey also assessed
characteristics of the clinics in which the PCPs worked. These
measures included clinic specialty (family medicine or
pediatrics), practice type (solo/group vs other), whether the
clinic was part of a health care system or network, the rurality
of the area the clinic served, the US census region in which the
clinic was located, and the extent to which the clinic experienced
financial strain due to the COVID-19 pandemic.
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Table 1. Sample characteristics (N=1047).
Characteristic

Value, n (%)

Primary care professional characteristics
Training
Physician

747 (71)

Advanced practice providera

177 (17)

Nurse

123 (12)

Gender
Woman

515 (49)

Man

492 (47)

Otherb

40 (4)

Race
White

717 (68)

Black

41 (4)

Asian

170 (16)

Other

119 (11)

Years in practice
0-9

252 (24)

10-19

395 (38)

20 or more

400 (38)

Adolescent patients seen in a typical week
1-9

283 (27)

10-24

431 (41)

25 or more

333 (32)

Proportion of adolescents seen by telehealth in prior 3 months
None (0%)

118 (11)

Low (1%-24%)

424 (40)

Moderate (25%-50%)

286 (27)

High (51%-100%)

219 (21)

Clinic or practice characteristics
Specialty
Family medicine

748 (71)

Pediatrics

299 (29)

Practice type
Solo or group

696 (66)

Otherc

351 (34)

Part of a health care system
No

457 (44)

Yes

590 (56)

Rurality
Urban

363 (35)

Suburban

525 (50)

Rural

159 (15)
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Characteristic

Value, n (%)

Region
Northeast

265 (25)

Midwest

247 (24)

South

333 (32)

West

202 (19)

COVID-19–related financial strain

a

None or a little

360 (34)

Moderate to high

687 (66)

Includes nurse practitioners and physician assistants.

b

Includes neither woman nor man, prefer to self-describe, and prefer not to say.

c

Includes hospital- and university-affiliated clinics, Federally Qualified Health Centers, and community, public health, and nonprofit clinics.

Statistical Analysis
We used Pearson chi-square tests to compare the proportions
of PCPs who indicated that they always recommended the
seasonal influenza vaccine versus each of the other vaccines
(HPV, Tdap, meningococcal) during adolescent telehealth visits.
We compared the number of advantages and disadvantages that
PCPs endorsed for adolescent telehealth using a Wilcoxon
signed-rank test. We used bivariate logistic regression to identify
correlates of PCPs’ intentions to offer adolescent telehealth
visits once the COVID-19 pandemic is over, modeling the
outcome as yes (“agree”) versus no (“neither agree or disagree”
and “disagree”). We then simultaneously entered statistically
significant correlates into a multivariable model. We conducted
analyses using Stata, version 15.1 (StataCorp LLC). Statistical
tests were two-tailed with a critical alpha of .05.

Results
Participant Characteristics
Our sample of 1047 respondents comprised physicians (n=747,
71%), advanced practitioners (n=177, 17%), and nurses (n=123,
12%; Table 1). Most had 10 or more years of experience in
practice (795/1047, 76%) and saw 10 or more adolescent
patients in a typical week (764/1047, 73%). PCPs worked in
clinics focusing on family medicine (748/1047, 71%) or
pediatrics (299/1047, 29%). The clinics were located in all four
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US regions; some were in clinical systems or networks
(590/1047, 56%), and some served rural areas (159/1047, 15%).
Two-thirds (687/1047, 66%) of PCPs reported that their clinics
had experienced moderate to high financial strain due to the
COVID-19 pandemic.

Telehealth Practice
Almost all PCPs reported using telehealth to see adolescent
patients in the 3 months prior to the survey (Table 1).
Approximately one-fifth of our sample (219/1047, 21%)
indicated high adolescent telehealth use, while others reported
more moderate (286/1047, 27%) or low (424/1047, 40%) use.
Only 11% of PCPs (118/1047) reported no recent adolescent
telehealth use.
The 929 PCPs with recent telehealth visits most often used
telehealth for chronic disease management (n=599, 64%), acute
care (n=571, 61%), mental and behavioral health (n=561, 60%),
or vaccine consultations (n=406, 44%) (Table 2). Most of these
929 PCPs indicated that they always recommended seasonal
influenza vaccination during telehealth visits if adolescents were
due (n=798, 86%), but somewhat fewer said the same for HPV,
Tdap, and meningococcal vaccines (n=715, 77%, n=709, 76%,
and n=612, 66%, respectively; all P<.001). Approximately
one-quarter of these PCPs (263/929, 28%) reported that they
“always” or “often” requested time to speak to adolescents
confidentially during telehealth visits.
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Table 2. Telehealth practice among primary care professionals with recent adolescent telehealth visits (n=929).
Value, n (%)
Type of adolescent telehealth visits provided
Chronic disease management

599 (64)

Acute care

571 (61)

Mental and behavioral health

561 (60)

Vaccine consultation

406 (44)

Other well-child care

387 (42)

Sexual health and contraceptive counseling

359 (39)

None of these

14 (2)

Vaccines always recommended if due
Seasonal influenza

798 (86)

Human papillomavirus

715 (77)

Tetanus, diphtheria, and acellular pertussis

709 (76)

Meningococcal

612 (66)

None of these

48 (5)

Request to speak with adolescent confidentially
Always or often

263 (28)

Sometimes

356 (38)

Rarely or never

310 (33)

Technology problemsa

a

Poor-quality internet connections

499 (85)

Families’ lack of internet-enabled devices

353 (60)

Lack of training for providers and staff

195 (33)

Difficulty working with medical interpreters

128 (22)

None of these

21 (4)

Among the subset of participants who reported technology problems as a disadvantage (n=584).

On average, PCPs reported more advantages than disadvantages
of their recent adolescent telehealth use (mean=3.2 of 5
advantages, SD 1.3, vs 2.1 of 5 disadvantages, SD 0.9; P<.001).
The most common advantages were preventing COVID-19
exposure (768/929, 83%), putting families at ease (712/929,
77%), and reducing families’ transportation (646/929, 70%) or
time (639/929, 69%) burdens (Figure 1). Only approximately
one-quarter of PCPs reported that gaining insight into families’
home environments was an advantage (243/929, 26%). The
most common disadvantages were the inability to perform
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physical examinations (820/929, 88%) and technology problems
(584/929, 63%). Only a minority of PCPs indicated that a lack
of privacy (260/929, 28%), health insurance problems (191/929,
21%), or more missed appointments (106/929, 11%) were
disadvantages. Of the 584 PCPs who indicated technology
problems as a disadvantage, most reported that poor quality
internet connections (n=499, 85%) and families’ lack of
internet-enabled devices (n=353, 60%) were common barriers
(Table 2).
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Figure 1. Perceived advantages (A) and disadvantages (B) of adolescent telehealth by primary care providers (n=929).

Telehealth Attitudes and Postpandemic Support
Most PCPs reported positive attitudes toward adolescent
telehealth. A majority agreed that telehealth increased access
to care for adolescents (720/1047, 69%) and was a way they
could provide high-quality care (560/1047, 53%, Figure 2). Few
agreed that telehealth took too much time (142/1047, 14%) or
encouraged families to overuse health care for adolescents
(157/1047, 15%).

Most PCPs indicated support for adolescent telehealth after the
COVID-19 pandemic is over (Figure 2). Approximately
two-thirds (683/1047, 65%) agreed that families should continue
to have the option of telehealth for adolescent primary care
visits. Approximately four-fifths (863/1047, 82%) agreed that
health insurance plans should continue to reimburse for
telehealth visits.

Figure 2. Primary care providers’ attitudes toward and support for postpandemic adolescent telehealth (n=1047).
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Telehealth Intentions
Approximately two-thirds of the 1047 PCPs agreed that they
want to offer adolescent telehealth visits once the COVID-19
pandemic is over (n=702, 67%), while the remainder disagreed
(n=188, 18%) or neither agreed nor disagreed (n=157, 15%).
In multivariable analyses, wanting to offer telehealth was more
common among PCPs with high, moderate, and low versus no
experience seeing adolescents by telehealth in the 3 months
prior to the survey (175/219, 80%, 211/286, 74%, and 280/424,
66%, vs 36/118, 31%, respectively; all P<.001) (Table 3).
Wanting to offer telehealth was also more common among PCPs
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who worked in clinics that served urban versus rural areas
(258/363, 71%, vs 94/159, 59%, P=.02) or that were located in
the South or West regions versus the Northeast region (231/333,
69%, and 143/202, 71%, vs 161/265, 61%; P=.003 and .047,
respectively). Wanting to offer telehealth was less common for
PCPs with more years in practice (262/395, 66%, for 10-19
years and 246/400, 62%, for ≥20 years vs 194/252, 77%, for
≤9 years; both P=.02). In bivariate analyses, PCPs’ adolescent
telehealth intentions correlated with working outside of a
solo/group practice or within a health care system, but these
associations did not retain statistical significance in the
multivariable model.
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Table 3. Correlates of PCPs’ intentions to offer adolescent telehealth after the COVID-19 pandemic (N=1047).
PCPsa who want to
offer telehealth, n (%) Bivariate analysis

Multivariable analysis

ORb (95% CI)

P value

OR (95% CI)

P value

PCP characteristics
Training
Physician (n=747)

492 (66)

1

N/Ac

—d

N/A

Advanced practice provider (n=177)

126 (71)

1.28 (0.89-1.83)

.18

—

N/A

Nurse (n=123)

84 (68)

1.12 (0.74-1.68)

.60

—

N/A

0-9 (n=252)

194 (77)

1

N/A

1

N/A

10-19 (n=395)

262 (66)

0.59 (0.41-0.84)

.004

0.63 (0.43-0.92)

.02

20 or more (n=400)

246 (62)

0.48 (0.33-0.68)

<.001

0.64 (0.44-0.94)

.02

1-9 (n=283)

190 (67)

1

N/A

—

N/A

10-24 (n=431)

289 (67)

1.00 (0.72-1.37)

.98

—

N/A

25 or more (n=333)

223 (67)

0.99 (0.71-1.39)

.96

—

N/A

Years in practice

Adolescent patients seen in typical week

Proportion of adolescents seen by telehealth in prior 3 months
None (0%) (n=118)

36 (31)

1

N/A

1

N/A

Low (1%-24%) (n=424)

280 (66)

4.43 (2.85-6.88)

<.001

4.61 (2.92-7.27)

<.001

Moderate (25%-50%) (n=286)

211 (74)

6.41 (4.00-10.28)

<.001

6.53 (4.01-10.64)

<.001

High (51%-100%) (n=219)

175 (80)

9.06 (5.43-15.13)

<.001

8.99 (5.31-15.23)

<.001

Family medicine (n=748)

510 (68)

1

N/A

—

N/A

Pediatrics (n=299)

192 (64)

0.84 (0.63-1.11)

.22

—

N/A

Solo or group (n=696)

450 (65)

1

N/A

1

N/A

Other (n=351)

252 (72)

1.39 (1.05-1.84)

.02

1.16 (0.83-1.61)

.39

No (n=457)

280 (61)

1

N/A

1

N/A

Yes (n=590)

422 (72)

1.59 (1.22-2.06)

<.001

1.33 (0.98-1.79)

.07

Urban (n=363)

258 (71)

1

N/A

1

N/A

Suburban (n=525)

350 (67)

0.81 (0.61-1.09)

.17

0.87 (0.63-1.19)

.38

Rural (n=159)

94 (59)

0.59 (0.40-0.87)

.008

0.59 (0.39-0.90)

.02

Northeast (n=265)

161 (61)

1

N/A

1

N/A

Midwest (n=247)

167 (68)

1.35 (0.94-1.94)

.11

1.35 (0.92-1.99)

.13

South (n=333)

231 (69)

1.46 (1.04-2.05)

.03

1.73 (1.20-2.49)

.003

West (n=202)

143 (71)

1.57 (1.06-2.31)

.03

1.52 (1.01-2.31)

.047

None or a little (n=360)

241 (67)

1

N/A

—

N/A

Moderate or more (n=687)

461 (67)

1.01 (0.77-1.32)

.96

—

N/A

Clinic or practice characteristics
Specialty

Practice type

Part of clinical system

Rurality

Region

COVID-19–related financial strain
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PCPs: primary care professionals.

b

OR: odds ratio.

c

N/A: not applicable.

d

The variable was not included in the multivariable model because it was not statistically significant at the bivariate level.

Discussion
Principal Findings
The findings of our national study suggest that adolescent
telehealth has achieved widespread adoption in the year since
the COVID-19 pandemic began, with most PCPs in our national
study reporting that they used adolescent telehealth and wanted
to keep using it. The vast majority (89%) of PCPs reported using
telehealth to see adolescents in the prior 3 months, including
for chronic disease management, acute care, and mental health.
This level of adoption is far higher than that reported in
prepandemic studies, which found that very few pediatricians
or family physicians were using telehealth to deliver care (13%
and 15%, respectively) [9,10]. On average, the PCPs in our
sample reported that adolescent telehealth offered more
advantages than disadvantages, with advantages including
increased access to care and reduced time and transportation
burdens for families. The most commonly noted disadvantages
were the inability to perform physical examinations and
technology problems. Despite these limitations, PCPs indicated
broad support for adolescent telehealth after the pandemic is
over, with approximately two-thirds wanting to offer such visits
themselves. This support suggests a pressing need to build on
the strengths, address the challenges, and evaluate the quality
of adolescent telehealth to ensure it remains a viable option for
primary care delivery in the postpandemic era.
Our study provides novel data on two potential challenges for
the delivery of adolescent telehealth: vaccine communication
and privacy. With regard to vaccine communication, we found
that the proportion of PCPs reporting that they “always”
recommended vaccines during adolescent telehealth visits was
high for seasonal influenza vaccine, perhaps in response to
concerns about an influenza–COVID-19 “twindemic.”
Consistent recommendations were less common for HPV, Tdap,
and meningococcal vaccines. In the case of the HPV vaccine,
prepandemic studies that used similar measures in the context
of traditional primary care documented levels of
recommendation consistency that are comparable to or lower
than what we observed [11-13]. Although such points of
comparison are not available for other adolescent vaccines, our
findings suggest that many PCPs are including vaccine
counseling in adolescent telehealth visits, and these data can
inform interventions to support and further strengthen this
communication. For example, PCPs may benefit from electronic
health record prompts to remind them to recommend adolescent
vaccines during telehealth visits and to counsel families about
how to schedule those visits. This care coordination could help
to ensure that adolescent telehealth complements rather than
competes with the in-person care that is integral to the delivery
of vaccinations and other routine preventive health services for
adolescents [14].
Consistent with prior studies [5,6], our findings suggest that
privacy constitutes an important consideration but may not be
https://www.jmir.org/2021/9/e31240
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a primary barrier to the delivery of adolescent telehealth. Among
the PCPs in our sample with recent experience, only
approximately one-quarter perceived a lack of privacy as a
disadvantage of adolescent telehealth. At the same time,
however, only approximately one-quarter routinely offered
adolescents confidential time during telehealth visits. Despite
being a recommended practice, confidential time is also
inconsistently offered during in-person visits [15,16]; therefore,
this low level of guideline adherence is perhaps unsurprising.
Nevertheless, PCPs may have the opportunity to strengthen
their telehealth practice by more consistently offering
confidential time and by counseling adolescents to take steps
that may help protect their privacy, such as using earphones
[5,7,17].
Our study can inform future policy making by documenting
PCPs’ support for offering adolescent telehealth after the
COVID-19 pandemic is over. Telehealth adoption during the
pandemic has been possible due to expanded payer
reimbursement, which prepandemic studies identified as the
single largest barrier to bringing pediatric telehealth programs
to scale [9,14,18]. Importantly, most PCPs in our sample
believed that health insurance plans should continue to
reimburse for adolescent telehealth after the pandemic is over.
Furthermore, many PCPs believed that families should have
the option of telehealth for adolescent primary care visits and
wanted to offer telehealth visits themselves. Wanting to offer
adolescent telehealth was more common among PCPs who had
recently used it or who worked in the South or West regions of
the United States, but it was less common among those serving
rural areas. Future research can extend the present study by
assessing factors, such as internet connectivity, that might
explain these geographic differences.

Strengths and Limitations
This study is, to our knowledge, the first national evaluation of
PCPs’ experience using adolescent telehealth in the context of
the COVID-19 pandemic. Study strengths include the use of
data from a large, national sample of PCPs, including physicians,
advanced practitioners, and nurses. Although evaluating
adolescent telehealth from the perspective of those who deliver
it is a study strength, our use of self-reported measures also
constitutes a limitation. For example, PCPs may have
overestimated the consistency with which they recommended
vaccines or offered confidential time during adolescent
telehealth visits. Another limitation is the modest response rate
among advanced practice providers and nurses. Including
nonphysician participants was important for enriching our data
with diverse perspectives, but additional research with larger
sample sizes may be needed to more fully understand how
adolescent telehealth practice and attitudes vary across clinical
roles. We acknowledge that other perspectives and data sources
are important for understanding the impact of adolescent
telehealth. Most notably, PCPs in our sample perceived
telehealth as expanding access to care and reducing burden on
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their patients, but future research is needed to understand the
extent to which adolescents and their families experience
telehealth as patient-centered and equitable. Finally, we note
that our study examines telehealth broadly as including visits
by video and telephone. PCPs’ experience of adolescent
telehealth may vary between these two delivery modes as well
as by health system factors, such as the extent to which
telehealth is integrated with electronic health record platforms
and patient portals. Future research will be needed to understand
the influence of these contextual factors.

Conclusion

Gilkey et al
its continued use. In light of this endorsement, health care
system leaders, payers, professional organizations, researchers,
and other key stakeholders should redouble their efforts to
support PCPs in adolescent telehealth delivery, including by
further evaluating and fairly reimbursing such services. In this
way, we can ensure that telehealth realizes its potential to
increase health care access and to serve adolescents in a way
that is effective, patient centered, and equitable.

Data Availability Statement
Deidentified individual participant data will not be made
available.

One year into the COVID-19 pandemic, our national study finds
that PCPs have widely adopted adolescent telehealth and endorse
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Abstract
Background: The COVID-19 outbreak has now become a pandemic and has had a serious adverse impact on global public
health. The effect of COVID-19 on the lungs can be determined through 2D computed tomography (CT) imaging, which requires
a high level of spatial imagination on the part of the medical provider.
Objective: The purpose of this study is to determine whether viewing a 3D hologram with mixed reality techniques can improve
medical professionals’ understanding of the pulmonary lesions caused by COVID-19.
Methods: The study involved 60 participants, including 20 radiologists, 20 surgeons, and 20 medical students. Each of the three
groups was randomly divided into two groups, either the 2D CT group (n=30; mean age 29 years [range 19-38 years]; males=20)
or the 3D holographic group (n=30; mean age 30 years [range 20=38 years]; males=20). The two groups completed the same
task, which involved identifying lung lesions caused by COVID-19 for 6 cases using a 2D CT or 3D hologram. Finally, an
independent radiology professor rated the participants' performance (out of 100). All participants in two groups completed a
Likert scale questionnaire regarding the educational utility and efficiency of 3D holograms. The National Aeronautics and Space
Administration Task Load Index (NASA-TLX) was completed by all participants.
Results: The mean task score of the 3D hologram group (mean 91.98, SD 2.45) was significantly higher than that of the 2D CT
group (mean 74.09, SD 7.59; P<.001). With the help of 3D holograms, surgeons and medical students achieved the same score
as radiologists and made obvious progress in identifying pulmonary lesions caused by COVID-19. The Likert scale questionnaire
results showed that the 3D hologram group had superior results compared to the 2D CT group (teaching: 2D CT group median
2, IQR 1-2 versus 3D group median 5, IQR 5-5; P<.001; understanding and communicating: 2D CT group median 1, IQR 1-1
versus 3D group median 5, IQR 5-5; P<.001; increasing interest: 2D CT group median 2, IQR 2-2 versus 3D group median 5,
IQR 5-5; P<.001; lowering the learning curve: 2D CT group median 2, IQR 1-2 versus 3D group median 4, IQR 4-5; P<.001;
spatial awareness: 2D CT group median 2, IQR 1-2 versus 3D group median 5, IQR 5-5; P<.001; learning: 2D CT group median
3, IQR 2-3 versus 3D group median 5, IQR 5-5; P<.001). The 3D group scored significantly lower than the 2D CT group for the
“mental,” “temporal,” “performance,” and “frustration” subscales on the NASA-TLX.
Conclusions: A 3D hologram with mixed reality techniques can be used to help medical professionals, especially medical
students and newly hired doctors, better identify pulmonary lesions caused by COVID-19. It can be used in medical education
to improve spatial awareness, increase interest, improve understandability, and lower the learning curve.
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Introduction
The COVID-19 outbreak has now become a pandemic [1]. It
has had a serious adverse impact on global public health [2].
Many doctors are on the front line of fighting the epidemic,
including orthopedic surgeons, general surgeons, and
neurosurgeons. Two-dimensional computed tomography (CT)
scanning, which requires high spatial imagination on the part
of medical professionals, has been traditionally used to
determine the status of a pulmonary infection [3,4]. Often,
judging the specific condition of the pulmonary lesions caused
by COVID-19 would require the expertise of experienced
respiratory, radiology, infectious disease, and intensive care
department experts. Doctors who are not specialized in
respiratory-related cases, not to mention medical students and
the public, may not find it easy to understand the clinical
significance of a 2D CT scan.
Both doctors and the public have played a vital role in combating
COVID-19. Doctors treat patients with COVID-19 and fight
the virus directly. The public's self-protection and isolation
efforts help to stop the spread of the virus. However, there are
still many members of the public who are not aware of the
necessary protective measures. In addition, it is very important
for medical students to have a better understanding of
COVID-19, as they are the successors in the fight against this
virus. This dilemma may be experienced by other countries as
well.
Mixed reality techniques can overlap virtual and real worlds.
The user can view the real world while manipulating the digital
content generated by a device [5]. Mixed reality has been used
clinically to help doctors better understand anatomical structures
[6-8]. However, the use of 3D holograms to image lungs affected
by COVID-19 has not been reported in the literature. Therefore,
we present a new method that applies mixed reality techniques
to create a 3D hologram of lungs affected by COVID-19.

Methods
Trial Design
The study was a parallel-group randomized controlled trial. It
was conducted in Wuhan, China, from March 2020 to September
2020. Participants were randomized into two groups in a 1:1
ratio: (1) a 3D holographic intervention group or (2) a 2D CT
control group.

Participants and Recruitment
We randomly selected radiologists, surgeons, and medical
students from our institution and asked them to participate in
this study. The radiologists, surgeons, and medical students
were eligible to participate in this trial if they had not previously
seen 3D holograms of lungs affected by COVID-19. The study
https://www.jmir.org/2021/9/e24081
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involved 60 participants, including 20 radiologists, 20 surgeons,
and 20 medical students. Each of the three groups was randomly
divided into two groups: (1) the 2D CT group and (2) the 3D
holographic group (Figure S1 in Multimedia Appendix 1).
Exclusion criteria were as follows: surgeons and medical
students trained in COVID-19 lung CT imaging, and participants
that had previously seen 3D holograms of COVID-19 lungs.

Intervention
For this study, 3D reconstructions of patients’ lungs were made
using data from CT scans using a StarCloud workstation (a 3D
reconstruction software from Visual3D). Polygon mesh files
were exported from the StarCloud workstation. These were
uploaded into the StarCloud Mixed Reality system (Visual3D).
After uploading the data, 3D holographic images were
automatically converted as a case-specific computer graphic
for mixed reality, referred to as a hologram. The data pertaining
to the hologram can be downloaded onto a Microsoft HoloLens
(Microsoft Corp).
The two groups completed the same task, which involved
identifying lesion areas in the lungs of 6 cases of COVID-19
using a 2D CT or 3D hologram of the lungs. The 6 cases of
COVID-19 used for the study involved moderate to severe
COVID-19 (Table S1 in Multimedia Appendix 1).

Assessments
An independent radiology professor rated the participants'
performance (out of 100). All participants in the two groups
completed a Likert scale questionnaire regarding the educational
utility and efficiency of 3D holograms. The National
Aeronautics and Space Administration Task Load Index
(NASA-TLX) was completed by all participants. The
NASA-TLX is a multidimensional rating procedure that provides
an overall workload score between 0 and 100 based on a
weighted average of ratings on 6 subscales [9]: (1) mental
demands (“How mentally demanding was the task?”), (2)
physical demands (“How physically demanding was the task?”),
(3) temporal demands (“How hurried or rushed was the pace of
the task?”), (4) own performance (“How successful were you
in performing the task?”), (5) effort (“How hard did you have
to work to achieve your level of performance?”), and (6)
frustration (“How insecure, discouraged, irritated, stressed, and
annoyed were you?”). The ethics committee of Wuhan Union
Hospital, Tongji Medical College, Huazhong University of
Science and Technology approved this study, and all participants
provided signed informed consent.

Statistical Analysis
Statistical analyses were performed using SPSS (version 19;
IBM Corp). Continuous variables were expressed as means and
standard deviations. Results of the NASA-TLX questionnaires
were summarized in terms of means and standard deviations.
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Data were processed using analysis of variance to determine
possible relationships between individual characteristics and
workload.

Results

20 surgeons, and 20 medical students. Each of the three groups
was randomly divided into two groups: (1) the 2D CT group
(n=30; mean age 29 years [range 19-38 years]; males=20) and
(2) the 3D holographic group (n=30; mean age 30 years [range
20-38 years]; males=20; Figure S1 in Multimedia Appendix 1).

Sample Characteristics
Participant baseline characteristics are described in Table 1.
The study involved 60 participants, including 20 radiologists,
Table 1. Demographic information.
Variables

3D holographic group (n=30)

2D computed tomography group (n=30)

Male

20

20

Female

10

10

30 (20-38)

29 (19-38)

Radiologists, total (male)

10 (5)

10 (5)

Surgeons, total (male)

10 (10)

10 (10)

Medical students, total (male)

10 (5)

10 (5)

Gender

Age (year), mean (range)
Participants

Outcomes
Clear 3D visual holographic renderings were obtained for the
lungs of patients with COVID-19 (Figure 1). In the 3D
holographic (mixed reality) group, the task scores for all
participants (mean 91.98, SD 2.45), radiologists (mean 93.60,
SD 2.25), surgeons (mean 91.50, SD 2.31), and medical students
(mean 91.25, SD 2.18) were significantly higher than that of
the conventional (2D) group (all participants: mean 74.09, SD
7.59; radiologists: mean 82.63, SD 2.28; surgeons: mean 74.55,
SD 2.52; medical students: mean 65.10, SD 65.10; P<.001).
With the help of 3D holograms, surgeons and medical students
achieved the same scores as radiologists and made obvious
progress in identifying pulmonary lesions caused by COVID-19
(Figure 2, Table 2). The Likert scale questionnaire revealed that
the 3D hologram group had superior results compared to the
2D CT group (teaching: 2D CT group median score 2, IQR 1-2
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versus 3D group median 5, IQR 5-5; P<.001; understanding
and communicating: 2D CT group median score 1, IQR 1-1
versus 3D group median 5, IQR 5-5; P<.001; increasing interest:
2D CT group median score 2, IQR 2-2 versus 3D group median
5, IQR 5-5; P<.001; lowering the learning curve: 2D CT group
median score 2, IQR 1-2 versus 3D group median 4, IQR 4-5;
P<.001; spatial awareness: 2D CT group median score 2, IQR
1-2 versus 3D group median 5, IQR 5-5; P<.001; learning: 2D
CT group median score 3, IQR 2-3 versus 3D group median 5,
IQR 5-5; P<.001; Figure 3, Table 2).
The 3D hologram group scored significantly lower than the 2D
CT group on the “mental,” “temporal,” “performance,” and
“frustration” subscales of the NASA-TLX. Compared with the
traditional 2D group, the 3D hologram group reported higher
physical demands. The main reason is that participants need to
wear a mixed reality headset, but the weight of the mixed reality
glasses was acceptable (Figure 4, Table 2).
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Figure 1. A 3D hologram of the pulmonary lesions caused by COVID-19. (A) A computed tomography scan of a patient with COVID-19 revealed
patchy pure ground-glass opacities (red arrow). (B) A hologram can clearly show the lesion site and lesion range (green color) of the patient's lung
infection, allowing stereoscopic viewing from 360 degrees in a physical world. (C) Simultaneous analysis of 2D and 3D images.
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Figure 2. Task scores for identifying COVID-19 lesion areas in lungs. In the mixed reality group, the mean task score was significantly higher than
that of the conventional group, with P<.001. With the help of 3D holograms, surgeons and medical students achieved the same score as radiologists
and made obvious progress in identifying the pulmonary lesions caused by COVID-19.

Table 2. Task scores, NASA Task Load Index scores, and Likert scale questionnaire scores.
2D CTa group, mean
(SD)

2D CT group, median 3D holographic group,
(IQR)
mean (SD)

3D holographic
P value
group, median (IQR)

All participants

74.09 (7.59)

75 (68-80)

91.98 (2.45)

90 (90-95)

<.001

Radiologists

82.63 (2.28)

83 (80-85)

93.60 (2.25)

95 (90-95)

<.001

Surgeons

74.55 (2.52)

75 (75-75)

91.50 (2.31)

90 (90-95)

<.001

Medical students

65.10 (2.61)

65 (65-68)

91.25 (2.18)

90 (90-94)

<.001

Mental

47.03 (5.71)

50 (40-50)

20.06 (2.85)

20 (20-20)

<.001

Physical

19.75 (1.09)

20 (20-20)

25.08 (0.64)

25 (25-25)

<.001

Temporal

63.11 (6.45)

60 (60-70)

40.31 (3.04)

40 (40-40)

<.001

Performance

26.17 (6.03)

25 (20-30)

10.08 (0.99)

10 (10-10)

<.001

Effort

69.92 (0.99)

70 (70-70)

69.92 (0.99)

70 (70-70)

.99

Frustration

29.22 (5.95)

30 (25-35)

14.58 (1.39)

15 (15-15)

<.001

1.73 (0.51)

2 (1-2)

4.8 (0.40)

5 (5-5)

<.001

Better understanding and commu- 1.1 (0.30)
nication

1 (1-1)

4.83 (0.37)

5 (5-5)

<.001

Increasing interest

1.8 (0.4)

2 (2-2)

4.9 (0.3)

5 (5-5)

<.001

Lowering the learning curve

1.73 (0.51)

2 (1-2)

4.4 (0.49)

4 (4-5)

<.001

Better spatial awareness

1.6 (0.49)

2 (1-2)

4.93 (0.25)

5 (5-5)

<.001

Learning is easier

2.63 (0.55)

3 (2-3)

4.83 (0.37)

5 (5-5)

<.001

Category

Task score

NASA Task Load Index scores

Likert-scale questionnaire scores
Effectiveness as teaching tool

a

CT: computed tomography.
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Figure 3. Responses to a Likert scale questionnaire regarding the educational utility and efficiency of 3D holograms. The 3D hologram group indicated
higher educational utility and efficiency than the 2D CT group. CT: computed tomography.

Figure 4. Results from the National Aeronautics and Space Administration (NASA) Task Load Index assessment. The mean rating for each subscale
is given. Those that used holograms scored significantly lower than those that used 2D CT scans for task load on the "mental," "temporal," "performance,"
and "frustration" subscales. CT: computed tomography.

Discussion
A 3D hologram with mixed reality techniques can be used to
help medical professionals, especially medical students and
newly hired doctors, better identify pulmonary lesions caused
by COVID-19. It can be used in medical education to increase
interest, improve understandability, improve spatial awareness,
and lower the learning curve.
A CT scan of the lungs of patients with COVID-19 revealed
patchy pure ground-glass opacities (Figure 1A). We visualized
the patients’ lungs using mixed-reality technology, which can
transform the 2D CT image of the lung into a 3D hologram
(Figure 1B) to clearly show the lesion site and lesion range
(green color) of the patient’s lung infection, allowing
https://www.jmir.org/2021/9/e24081
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stereoscopic viewing from 360 degrees in a physical world.
Conversely, a standard 2D CT usually only allows one to see
the local area of a certain layer of the lung. The 3D hologram
can also analyze 2D and 3D images simultaneously (Figure 1C).
As the 3D hologram can clearly show the spatial anatomical
neighborhood, it does not require the human brain to mentally
transform the complex 2D structure into a complete 3D
structure. The results of this study showed that in the 3D
hologram group, compared with the traditional 2D CT group,
task loads for the “mental,” “temporal,” and “frustration”
subscales were significantly reduced, and better performance
was obtained. Thus, this study can help doctors—whether they
have just started to practice, are in nonrespiratory specialties,
or are in respiratory specialties—better identify and understand
the pulmonary lesions caused by COVID-19. In addition, this
J Med Internet Res 2021 | vol. 23 | iss. 9 | e24081 | p.1578
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can improve medical students’ understanding of COVID-19,
which is important as they are the successors in the fight against
this virus.
This technique of image reconstruction and presentation can
also be applied to other anatomical systems throughout the body
(Figure 5). It can contribute to a better understanding of normal
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and abnormal body structure for both medical and nonmedical
individuals and could be especially useful for medical students
when used in future medical education. In addition, unlike
traditional 3D anatomical drawings, mixed reality technology
allows multiple people to view the same 3D hologram from 360
degrees during the teaching process.

Figure 5. Images show a 3D holographic mixed reality technology being used to present and teach the digestive system and classification of pelvic
fractures.

The COVID-19 outbreak has also created challenges for
anatomy education [10]. Cadaver specimens were the standard
learning method of anatomy classes in the past [11]. However,
substantial financial, ethical, and supervisory constraints on
their use and the shortage of cadaver specimens are ongoing
problems faced by teaching colleges and universities [12]; in
addition, during the COVID-19 epidemic, the use of cadaver
specimens has the potential risk of virus transmission [10,13].
Digital anatomical imaging is a feasible alternative solution to

the use of cadaver specimens and is more visual, accessible,
clean, fun, and inexpensive.
Although this study shows promising results, further studies in
more institutions, populations, and locations are needed in the
future.
In conclusion, a 3D hologram with mixed reality techniques
can provide a better understanding of the pulmonary lesions
caused by COVID-19 and will play an important role in future
medical education.
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Abstract
Background: The COVID-19 pandemic has imposed a large, initially uncontrollable, public health crisis both in the United
States and across the world, with experts looking to vaccines as the ultimate mechanism of defense. The development and
deployment of COVID-19 vaccines have been rapidly advancing via global efforts. Hence, it is crucial for governments, public
health officials, and policy makers to understand public attitudes and opinions towards vaccines, such that effective interventions
and educational campaigns can be designed to promote vaccine acceptance.
Objective: The aim of this study was to investigate public opinion and perception on COVID-19 vaccines in the United States.
We investigated the spatiotemporal trends of public sentiment and emotion towards COVID-19 vaccines and analyzed how such
trends relate to popular topics found on Twitter.
Methods: We collected over 300,000 geotagged tweets in the United States from March 1, 2020 to February 28, 2021. We
examined the spatiotemporal patterns of public sentiment and emotion over time at both national and state scales and identified
3 phases along the pandemic timeline with sharp changes in public sentiment and emotion. Using sentiment analysis, emotion
analysis (with cloud mapping of keywords), and topic modeling, we further identified 11 key events and major topics as the
potential drivers to such changes.
Results: An increasing trend in positive sentiment in conjunction with a decrease in negative sentiment were generally observed
in most states, reflecting the rising confidence and anticipation of the public towards vaccines. The overall tendency of the 8
types of emotion implies that the public trusts and anticipates the vaccine. This is accompanied by a mixture of fear, sadness, and
anger. Critical social or international events or announcements by political leaders and authorities may have potential impacts
on public opinion towards vaccines. These factors help identify underlying themes and validate insights from the analysis.
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Conclusions: The analyses of near real-time social media big data benefit public health authorities by enabling them to monitor
public attitudes and opinions towards vaccine-related information in a geo-aware manner, address the concerns of vaccine skeptics,
and promote the confidence that individuals within a certain region or community have towards vaccines.
(J Med Internet Res 2021;23(9):e30854) doi:10.2196/30854
KEYWORDS
Twitter; public opinion; COVID-19 vaccines; sentiment analysis; emotion analysis; topic modeling; COVID-19

Introduction
As of May 21, 2021, the COVID-19 pandemic had led to more
than 160 million confirmed cases and more than 3 million deaths
worldwide [1]. COVID-19 has continued to spread worldwide
due to its highly contagious nature, diverse variants, and the
mass public’s inconsistent adherence to effective public health
measures, such as wearing masks and maintaining social
distance [2]. Meanwhile, the emergence of asymptomatic cases
(which are difficult to detect) has become more frequent,
potentially leading to a substantial accumulation in the number
of infections over time [3]. As such, it is important to keep
COVID-19 vaccines widely available and accessible [4].
Since January 2020, scientists and medical experts around the
world have been developing and testing COVID-19 vaccines;
16 vaccines have been approved for emergency use around the
world so far, but the progress of vaccination has been subject
to hesitancy, distrust, and debate. Vaccine hesitancy was
identified by the World Health Organization as one of the top
10 global health threats in 2019 [5]. In many countries, such
hesitancy, along with vaccine misinformation, have presented
substantial obstacles towards vaccinating a sufficient amount
of the population in order to establish herd immunity [6,7].
Therefore, it is crucial for governments, public health officials,
and policy makers to understand the potential drivers that affect
public opinion towards COVID-19 vaccines [8]. A number of
campaigns against antivaccination activists have been made
through multiple channels since January 2020. Notably, the
accelerated pace of vaccine development has further heightened
public anxieties and could compromise the public’s acceptance
of the vaccine [9]. However, this acceptance varies across
geographic contexts and the pandemic timeline. As governments
put more effort into developing strategies for promoting vaccine
acceptance and uptake, the key questions regarding the
willingness to be vaccinated persist — what are the public’s
opinions and perceptions towards COVID-19 vaccines and what
are the potential drivers that affect such opinions?
The internet and social media have provided rich user-generated
data sources, in the form of infodemiology studies [10], in real
time for performing public health surveillance [11]. Social
media, especially Twitter, have been considered as major
channels for the distribution of health information and opinion
exchange, helping people to make intelligent decisions [12,13].
The analysis of big data derived from Twitter has been an
emerging trend in recent COVID-19 vaccine–related studies.
Geotagged tweets (hereinafter termed as geotweets) provide a
rich volume of cost-effective content, including news, events,
public comments, and the locational information of Twitter
https://www.jmir.org/2021/9/e30854
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users. Through sentiment analysis and topic modeling methods
that have been widely used in existing studies, qualitative tweet
contents can be retrieved to reflect public opinions and attitudes
towards COVID-19 vaccines. Additionally, users’ location
information enables researchers to investigate the spatiotemporal
patterns of the public’s opinions and attitudes. In general,
existing studies have investigated people’s reactions towards
COVID-19 vaccines, with a geographical emphasis on the
United States [14-19]. Some papers have also studied other
countries in the world, including China [20], South Africa [21],
Australia [22], the United Kingdom [14,23], Canada [24], and
Africa [25], and to a global scale [26]. However, the study
period of these works is relatively limited to or predominantly
focused on the early stage of the pandemic or up to the end of
2020. None of these studies cover early 2021, the period of
implementing mass systemic vaccine distribution. Furthermore,
although sentiment analysis and topic modeling have been
broadly applied, what remains less explored are the potential
drivers that induce a change in public sentiment and opinion on
vaccines, such as important events and announcements by
political leaders (eg, the propaganda of vaccine success or
vaccine conspiracy theories). There is a pressing need to
investigate public opinion towards COVID-19 vaccines across
a longer timeline and to explore the potential drivers that
influence the change in such opinion over time.
To address these knowledge gaps, this study aimed to analyze
the spatiotemporal patterns of public sentiment and emotion
and explore the keywords and major topics of tweets regarding
COVID-19 vaccines that were tweeted by Twitter users.
Drawing on more than 300,000 geotweets from March 1, 2020
to February 28, 2021 in the United States, we employed
sentiment and emotion analysis at both the national and state
levels. We identified 3 phases along the pandemic timeline that
display sharp changes in public sentiment and emotion. Using
cloud mapping of keywords and topic modeling, we identified
11 key events and major topics as the potential drivers that
induced such changes. Findings from this study can help
governments, policymakers, and public health officials
understand factors that motivate and cause hesitance in the
public towards vaccination. With this understanding, these
entities can better design potential interventions during their
vaccination campaigns.

Methods
Data
Using the Twitter streaming Application Programming Interface
(API), the Harvard Center for Geographic Analysis collected
geotweets from March 1, 2020 to February 28, 2021. Geotweets
provide the location information of user-defined places. If users
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activate the GPS function in Twitter, their longitude and latitude
are provided. We used the keyword “vaccin*” to query
vaccine-related tweets, generating a total of 308,755 geotweets.
In the results, 1.43% (44,118/308,755) of geotweets’ geographic
locations are at a state level (ie, Massachusetts, United States),
and others are geocoded at a city level (ie, Cambridge, MA) or
at a finer geographical level (ie, Uptown Coffee, Oxford, MS).
We then conducted a series of data preprocessing of the
geotweets’ contents. First, we generalized the variations of
COVID-related terms to “COVID-19,” including “corona,”
“covid,” “covid19,” and “coronavirus”; second, we removed
unrelated website links from the search results, including links
starting with the fragment of “https”; third, we removed
punctuation (eg, period, question mark, comma, colon, and
ellipsis) and other key symbols (eg, bracket, single and double
quotes) and converted capital letters into lower-case letters;
fourth, we removed inflectional endings (eg, “ly”) and reverted
words to their root or dictionary form (eg, “peopl” from people,
“dai” from daily, and “viru” from virus), by employing the word
lemmatization function provided in the Python package Natural
Language Toolkit 3.6.2 [27].

Methodology
To explore the spatiotemporal patterns of public sentiment and
emotion towards COVID-19 vaccines, we conducted 4 sets of
analyses, including sentiment analysis, emotion analysis, topic
modeling, and word cloud mapping. For the sentiment analysis,
we applied Valence Aware Dictionary for Sentiment Reasoning
(VADER), a well-known rule-based model, to estimate
sentiment compound scores [28]. The sentiment compound
score is computed by summing the score of each word in the
lexicon, adjusted according to the rules. The rules embody
grammatical and syntactical conventions for expressing and
emphasizing sentiment intensity. Then, the score is normalized
to be between –1 (most extreme negative) and +1 (most extreme
positive). To reclassify sentences as positive, neutral, or negative
sentiment, threshold values are set as follows: A tweet with a
compound score larger than 0.05 is classified as positive
sentiment; a tweet with a compound score smaller than –0.05
is classified as negative sentiment; otherwise, it is classified as
neutral sentiment [28]. We then cross-tabulated the 3 types of
sentiment on daily and weekly bases with the number of
geotweets. We generated line graphs at the national level and
in the top 10 states with the largest number of geotweets.
Different from sentiment analysis, which detects positive,
neutral, or negative feelings from tweet contents, emotion
analysis aims to recognize the types of feelings more specifically
through the content expression, such as anger, fear, and
happiness. The emotion analysis of this study was performed
based on the National Research Council Canada Lexicon
(NRCLex) [29]. NRCLex examines 4 pairs of primary bipolar
emotions: joy (feeling happy) versus sadness (feeling sad); anger
(feeling angry) versus fear (feeling of being afraid); trust
(stronger admiration and weaker acceptance) versus disgust
(feeling something is wrong or nasty); and surprise (being
unprepared for something) versus anticipation (looking forward
positively to something). We then examined the temporal
patterns of these 8 types of emotion at both national and state
levels.
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In order to investigate the potential drivers of such changes, we
applied the Latent Dirichlet Allocation (LDA) model [30] to
detect popular topics based on a certain number of key dates as
the turning points of sentiment scores or with a sharp change
in the number of geotweets. The LDA model generates
automatic summaries of topics in terms of a discrete probability
distribution over words for each topic and further infers
per-document discrete distributions over topics [31]. Each topic
is treated as a cluster, and each document is assigned to a cluster
that represents its dominant topic. LDA is an unsupervised
algorithm [32], meaning that, prior to running the model, users
need to predefine the number of topics. To estimate the optimal
number of topics, we used the Python package [33] and
pyLDAvis [34] to compare the results with topic numbers from
3 to 10 and found that the smallest overlap among topics occurs
when the topic number is 3. We further visualized the topic
modeling results in bar graphs with the Y-axis, which indicates
the top 10 keywords associated with that topic, and the X-axis,
which shows the weight of each keyword (to reveal the extent
to which a certain keyword contributes to that topic). Based on
the top 10 most relevant keywords to each topic, we generalized
and presented the name of each topic at the bottom of each
graph.
We then categorized the study period into 3 phases based on 2
iconic events: the results of Phase 1 clinical trials by Moderna
that were published in The New England Journal of Medicine
on July 14, 2020 [35] and the first COVID-19 vaccine shots
that were given in the United States on December 14, 2020 [36].
Phase 1, dating from March 1, 2020 to July 13, 2020, is the
stage in which the public was waiting for official announcements
regarding the effectiveness of COVID-19 vaccines; Phase 2,
ranging from July 14, 2020 to December 13, 2020, is when the
positive news of COVID-19 vaccine development began to
arrive; and Phase 3 starts from December 14, 2020, when the
first vaccine shots were given in the United States. We then
aggregated sentiment scores at the state level and analyzed the
changes in sentiment over the 3 phases in the top 10 states.
Finally, we produced word cloud maps over the 3 predefined
phases based on the frequency of keywords appearing in Tweet
contents, with the size of a keyword reflecting its frequency and
popularity.

Results
Sentiment Analysis and Topic Modeling
Figure 1 shows the overall trends in the weekly sentiment scores,
unveiling the increased positive attitude towards COVID-19
vaccines within the study period. We identified 11 key dates as
turning points in sentiment scores or in the number of geotweets.
Correspondingly, a total of 33 topics on these 11 key dates are
summarized and presented in Figures 2-4. In Phase 1, changes
in the sentiment score were relatively stable, except for a sharp
drop on June 21, 2020. This drop could have resulted from the
misinformation and conspiracy theories related to Bill Gates.
Vaccine-adverse conspiracy related to Gates claimed that the
pandemic is a cover for his plan to implant trackable microchips
made by Microsoft [37]. Topic modeling suggests that Gates
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was referred to as “satan,” “terrorist,” and “evil” on that day
(Figure 2).
In Phase 2, the first stimulus was observed on July 14, 2020,
when the results of Phase 1 clinical trials by Moderna were
published [35]. However, we did not observe a dramatic change
in sentiment score until July 15, 2020, when Donald Trump

Hu et al
tweeted “Great News on Vaccines!” [35]. Topic modeling
suggests that keywords related to “good,” “trial,” “promis,” and
“test” were widely discussed on July 15, 2020 (Figure 2).
Speculation suggests that, compared to key events in the
development of COVID-19 vaccines, comments from public
figures on vaccination could trigger bigger changes in public
sentiment.

Figure 1. Sentiment scores and the number of geotweets over the entire study timeline at the national level.

Figure 2. Three topics discussed on each of 3 key dates: June 21, 2020; July 14, 2020; and July 15, 2020.
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Another sharp increase in sentiment score was observed on July
22, 2020, when the partnership between Pfizer and the US
government accelerated the production and delivery of 100
million doses of COVID-19 vaccines [38]. The keywords
“pfizer,” “govern,” and “million” were widely discussed and
identified through topic modeling (Figure 3). On August 20,
2020, the sentiment score dropped dramatically after Kamala
Harris formally accepted the Democrats’ vice-presidential
nomination at the 2020 Democratic National Convention. Harris
advocated, “There is no vaccine for racism,” mentioning the
context of the racism protests for George Floyd and Breonna
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Taylor [39]. Of the keywords, “racism” and “kamala” were
observed through topic modeling. Another increase in sentiment
score appeared on November 9, 2020, when Pfizer announced
that its vaccine is 90% effective (Figure 3) [40]. On the same
day, Trump tweeted “STOCK MARKET UP BIG, VACCINE
COMING SOON. REPORT 90% EFFECTIVE. SUCH GREAT
NEWS!” Amid positive news from Pfizer, people questioned
whether Pfizer purposefully released study results after Election
Day, though Pfizer’s CEO claimed that the release timing had
nothing to do with politics [41]. On that day, widely discussed
keywords included “trump,” “pfizer,” and “elect” (Figure 3).

Figure 3. Three topics discussed on each of 4 key dates: July 22, 2020; August 20, 2020; November 9, 2020; and November 18, 2020.

In Phase 3 on December 14, 2020, an increased sentiment score
was observed when an intensive care unit nurse received the
first COVID-19 vaccine in New York. On the same day, the
Electoral College voted to cement Biden’s victory over Trump.
Discussion regarding COVID-19 vaccines (“pfizer,” “nurs,”
https://www.jmir.org/2021/9/e30854
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“receive”) quickly increased on Twitter, while other related
discussions regarding mask wearing (“wear” and “mask”) and
the presidential election (“house,” “trump,” “biden”) remained
popular (Figure 4). By December 18, 2020, the sentiment score
remained high as both Pfizer and Moderna were authorized for
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emergency use by the US Food and Drug Administration [42].
Trump tweeted “Moderna vaccine overwhelmingly approved.
Distribution to start immediately.” Additionally, the fact that
former Vice President Pence and second lady Karen Pence
received a COVID-19 vaccine [43] was widely discussed
(“penc” and “receiv”). Expectations for the COVID-19 vaccines
were also discussed (“need” and “want”; Figure 4). On January
30, 2021, the Department of Defense paused a plan to give
COVID-19 vaccines to detainees in the Guantanamo Bay prison
camp [44], which raised queries of COVID-19 vaccine delivery,
leading to a moderate decrease in the sentiment score. Keywords
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were observed, including “terrorist” and “distribut” through
topic modeling (Figure 4). On February 12, 2021, an increased
sentiment score was observed after the Biden administration
announced the purchase of 200 million COVID-19 vaccine
doses from Pfizer and Moderna [45]. Discussion surrounding
the administration of COVID-19 vaccines was extensive (“wait,”
“get,” “need”; Figure 4). Topic modeling also suggests that
complaints were pervasive (“teacher,” “school,” and “get”;
Figure 4) because teachers were not prioritized for vaccination
in states despite the Center for Disease Control and Prevention’s
recommendation.

Figure 4. Three topics discussed on each of 4 key dates: December 14, 2020; December 18, 2020; January 30, 2021; and February 12, 2021.

We then broke down the sentiment scores by state in tandem,
along with the pandemic timeline. We present the results in the
top 10 states with the largest number of geotweets (Figure 5),
including California, New York, Texas, Florida, Illinois, Ohio,
https://www.jmir.org/2021/9/e30854
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North Carolina, Pennsylvania, Georgia, and Virginia. The
temporal patterns in sentiment scores vary across states, with
more obvious fluctuations before November 2020 in Illinois,
Ohio, North Carolina, Georgia, Pennsylvania, and Virginia. A
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number of sharp decreases in sentiment scores was observed in
June 2020 in Illinois, North Carolina, Ohio, Pennsylvania,
Georgia, and Virginia, in line with the tendency of sentiment
drops at the national level. The states with relatively larger
numbers of geotweets (ie, California, New York, Texas, and

Hu et al
Florida) had more stable temporal trends and sentiment scores
compared with the states with relatively smaller numbers of
geotweets (eg, Ohio, North Carolina, Pennsylvania, Georgia,
and Virginia).

Figure 5. Sentiment scores in 10 selected states.

We further examined the absolute values of the average positive
and negative sentiment scores by states in Figure 6. In the
majority of the states, the absolute positive sentiment score was
larger than that of the negative sentiment score. The difference
between the positive and negative sentiment scores was
relatively more obvious in the mainland states of Alabama,
Utah, Nebraska, Minnesota, and West Virginia (highlighted in
dark grey in Figure 6), as well as in Hawaii and Alaska; the
potential drivers triggering such differences across states may
either relate to information or news spreading locally or be
subject to the variations caused by the different sampling size
in each state.
The changes in positive and negative sentiment scores over 2
periods of time (Phase 1 to Phase 2; Phase 2 to Phase 3) were
compared and are presented in Figure 7. From Phase 1 to Phase
2, an increase in positive sentiment scores (orange bars)
appeared in most states, most obviously in South Dakota,
followed by North Dakota and Arkansas; meanwhile, a decrease
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in negative sentiment scores (dark blue bars) was also observed
in the majority of states, most obviously in South Dakota and
Rhode Island, followed by Montana, North Dakota, and
Arkansas. From Phase 2 to Phase 3, the decrease in negative
sentiment scores (light blue bars) appearred in most states, most
obviously in Idaho and Rhode Island, followed by North Dakota,
Vermont, and New Hampshire. However, the change in positive
sentiment scores (red bars) from Phase 2 to Phase 3 varied across
states, with a slight increase that is more obviously observed in
Idaho, North Dakota, and New Mexico, while a slight decrease
is more obviously observed in South Dakota, Rhode Island, and
Connecticut. In addition, the magnitude of both positive and
negative sentiment scores from Phase 1 to Phase 2 (the height
of dark blue and orange bars) was more obvious in most states
than that of Phase 2 to Phase 3 (the height of light blue and red
bars). This indicates that the fluctuation in people’s opinions
towards vaccines became less obvious with the gradual
development of vaccines and more encouraging news.
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Figure 6. Absolute values of negative and positive sentiment scores at the state level.

Figure 7. Changes in sentiment scores over the 3 phases at the state level.
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Emotion Analysis
Figure 8 shows the temporal patterns in the 8 types of emotion,
including joy, trust, anticipation, trust, surprise, disgust, sadness,
and fear. Through the vertical comparison of the weekly average
trend lines (dashed lines), we found that the emotion with the
highest weekly average scores along the majority of the timeline
was trust (blue dashed line), followed by fear, anticipation,
sadness, anger, joy, disgust, and surprise. It is worth noting that
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the weekly average emotion score of fear was higher than that
of trust before mid April 2020, possibly due to rapid COVID-19
infection and ineffective control of viral spread at the early stage
of the pandemic. These events may have caused fear,
uncertainty, or even feelings of panic [46]. Although fluctuations
in emotion scores (eg, local peaks and valleys) can be found
within each of the 8 emotions, the general trend implies that the
public’s trust in and anticipation towards vaccination were
accompanied by a mixture of fear, sadness, and anger.

Figure 8. Average daily and weekly emotion scores over the entire study timeline at the national level.

We further investigated the relative distributions of 8 emotions
in each state, as indicated by the percentage of emotion scores
for each type with different colors (Figure 9). The overall
patterns of the 8 emotions are consistent across most states.
Throughout the entire timeline and in each of the 3 phases of
the pandemic, trust was the dominant emotion towards
vaccination over the full timeline of the pandemic. It was
followed by anticipation, fear, sadness, anger, joy, disgust, and
surprise. The state-level patterns largely align with the national
pattern as depicted in Figure 9, although there are some
exceptions, such as fear outweighing anticipation, joy, and trust
(eg, Washington) and with fear, anger, and sadness outweighing
other emotions (eg, Maine). As shown in Figures 10 and 11,
the emotion of trust stayed consistent over time, while the
changes in trends for other types of emotion were distinct across
phases and by state.
We further compared the change in the percentage of emotions
over 2 periods of time (Phase 1 to Phase 2; Phase 2 to Phase 3).
From Phase 1 to Phase 2 (Figure 10), a decrease in fear (dark
blue bars) was observed in most states, though its magnitude
varied across states. This decrease was most obvious in South
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Dakota, followed by North Dakota, Arkansas, Mississippi, North
Carolina, and South Carolina. The changes in anger, sadness,
and disgust varied across states, with a general decrease in most
states but sporadic increases in others (eg, Idaho, New Mexico,
and New Hampshire). Furthermore, the combination of a
decrease in fear and an increase in joy, trust, and anticipation
was observed in most states except South Dakota. Throughout
the period from Phase 2 to Phase 3 (Figure 11), it is difficult to
generalize the pattern of emotion change across states in terms
of type and magnitude. An increase in joy, trust, anticipation,
and surprise along with a decrease in fear, anger, sadness, and
disgust were the most notable (high bars) in Idaho and Rhode
Island, followed by Missouri, Vermont, and New Hampshire.
On the contrary, some states encountered a decrease in trust and
anticipation in tandem with an increase in anger and sadness,
including South Dakota, North Dakota, Montana, Kansas,
Indiana, Maine, and Delaware. The complexity of emotion
changes from Phase 2 to Phase 3 varied across states, reflecting
the diversity in people’s opinions and psychological reactions
to vaccination, which should be subject to an in-depth
investigation of causality.
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Figure 9. Percentage of 8 emotions expressed at the state level.

Figure 10. Change in emotions from Phase 1 to Phase 2 at the state level.

https://www.jmir.org/2021/9/e30854

XSL• FO
RenderX

J Med Internet Res 2021 | vol. 23 | iss. 9 | e30854 | p.1590
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Hu et al

Figure 11. Changes in emotion from Phase 2 to Phase 3 at the state level.

Word Cloud Visualization
We produced word cloud mappings of 50 popular words
associated with positive and negative sentiments over the 3
phases (Figure 12). The size of a word represents its popularity
and the frequency with which it appears in tweets. Among the
words associated with positive sentiment, the popular ones were
“hope,” “help,” “thank,” “love,” “safe,” “cure,” and “free,”
although the word “peopl,” with a more neutral nature, appears
to be the most popular. Throughout the 3 phases, “hope,” “safe,”
and “thank” grew larger from Phase 1 to Phase 3; in particular,
“thank” became the most popular word in Phase 3. On the
contrary, “flu,” “death,” “trump,” “fuck,” “lie,” “die,” “kill,”
“shit,” and “stupid” were popular words associated with negative
sentiment. Over the 3 phases, “flu” became smaller from Phase
1 to Phase 3 whereas “die,” “fuck,” “shit,” and “trump” evolved
to be larger from Phase 1 to Phase 3; in particular, “trump”
became predominant in Phase 2 possibly due to Trump’s
increasing popularity caused by the 2020 Presidential Election.
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More specifically, while people were waiting for the news of
COVID-19 vaccine development during Phase 1, their
uncertainties on potential vaccines were reflected in the included
keywords, which were related to the coronavirus and public’s
frustration of the pandemic (eg, “viru,” “death,” “cure,” and
“test”). Some keywords related to the COVID-19 vaccine were
also observed, including “hope” and “develop.” Positive news
about the development of COVID-19 vaccines appeared in
Phase 2, which brought hope as well as misinformation
regarding the vaccines to the public. At this stage, more specific
information about COVID-19 vaccines was discussed (eg,
“Pfizer,” “effect,” “risk,” “develop,” and “approve”), as
compared to Phase 1. With Pfizer and Moderna vaccines
approved during Phase 3, the public’s attention moved from
vaccine
development
towards
vaccine
distribution
(“distribution,” “wait,” and “free”), effectiveness (“safe” and
“risk”), and priority (“teacher”). In all 3 phases, public figures
(eg, “Trump,” “Biden,” and “Bill Gates”) contributed to hot
topics with impacts on both positive and negative sentiments.
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Figure 12. Popular keywords associated with positive and negative sentiments over 3 phases.

Discussion
Principal Findings
Drawing on geotweets from March 1, 2020 to February 28,
2021, this study examined public opinion on COVID-19
vaccines in the United States, by unveiling the spatiotemporal
patterns of public sentiment and emotion over time, modeling
the popular keywords and topics of Twitter contents, and
analyzing the potential drivers of public opinion on vaccines.
Our findings indicate that critical social or international events
or announcements by political leaders and authorities may have
potential impacts on public opinion towards COVID-19
vaccines. Such examples include the vaccine-adverse conspiracy
related to Bill Gates on June 21, 2020, the tweet by Donald
Trump of “Great News on Vaccines!” on July 14, 2020, Kamala
Harris’s advocacy of “There is no vaccine for racism” on August
20, 2020, Biden’s victory of the presidential election over Trump
on December 14, 2020, and the authorized emergent usage of
Pfizer and Moderna on December 18, 2020. In the proposed 3
phases over the study timeframe, changes in public opinions on
vaccines varied across space and time. More specifically, the
fluctuation in people’s sentimental response to the vaccine
during the earlier stage of the pandemic was more obvious
compared to that in the later stage of the pandemic. However,
an increase in positive sentiment in parallel with a decrease in
negative sentiment were generally observed in most states,
reflecting the rising confidence and anticipation of the public
towards COVID-19 vaccines. Furthermore, the public’s 8 types
of emotion towards the COVID-19 vaccine displayed a general
trend of a combination of trust and anticipation with a mixture
of fear, sadness, and anger. Moreover, the word cloud mapping
showed that positive keywords including “hope,” “safe,” and
“thank” grew larger from Phase 1 to Phase 3; in particular,
“thank” became the most popular word in Phase 3, indicating
the public’s increasingly positive response towards vaccination.
In all 3 phases, public figures (eg, “Trump,” “Biden,” and “Bill
Gates”) contributed to the most popular topics, impacting both
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XSL• FO
RenderX

positive and negative sentiments. The aforementioned findings
reveal the diversity and complexity of people’s perception on
and their psychological reaction towards COVID-19 vaccines,
which indicates a further need to be cautious in the interpretation
of analytical outcomes and to initiate an additional in-depth
investigation of the causality.
Our findings are partially supported by the current literature.
Hussain et al [14] observed a marked increase in positive
sentiment toward COVID-19 vaccines in the United States from
March 1, 2020 to November 22, 2020. Guntuku et al [18] and
Roy and Ghosh [47] found that Republican legislators became
more engaged in public discussion on vaccine progress, which
may have implications for COVID-19 vaccine uptake among
their followers. Germani and Biller-Andorno [17] revealed that
antivaccination supporters have been heavily engaged in
discussions and dissemination of misinformation and conspiracy
theories. Considering the limitations (ie, random sample)
inherent in Twitter data, it is important to propose alternative
data that provide a complementary understanding of public
opinions towards the COVID-19 vaccine to promote vaccination
in the United States.

Implications and Recommendations
The emergence of the internet and social media has provided
new platforms for persuasion and the rapid spread of
(mis)information, which leads to new opportunities for and
challenges to the communication of vaccine information [48].
There are over 4.3 billion people using the internet nowadays,
with 3.8 billion of these individuals as social media users [49].
The popularity of social media platforms coupled with the
advent of digital detection strategies benefit public health
authorities by enabling the monitoring of public sentiment
towards vaccine-relevant information in a geo-aware, (near)
real-time manner. This can inform more effective policymaking
and promote participatory dialogue to establish confidence
towards vaccines, in order to maximize vaccine uptake. Some
of our findings add new value to the current scholarship and
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also provide new insights and suggestions for policy
implications with regard to safeguarding societal and economic
health.
First, our findings indicate that public figures, especially
politicians, play a crucial role in impacting the public’s opinions
on vaccination. Negative opinions expressed by public figures
about a vaccine could impact a large population of people,
especially those who do not hold an unswayable opinion [48].
People tend to believe public figures’ opinions, as they are
elected officials who can influence health care systems and are
perceived to have more information about a vaccine [50,51].
Thus, public figures have a responsibility to disseminate accurate
health information and should be cautious in expressing their
opinions in public. This also highlights the necessity of
considering the impact that public figures within vaccine
campaigns have on upholding the public’s confidence towards
the concept of vaccination.
Second, our study reveals that vaccine-adverse conspiracy
theories led to a sharp decline in sentiment scores. We need to
be aware of the fact that social media platforms with a massive
number of users, to some degree, “disrupted” traditional vaccine
information communication [52], allowing antivaccination
advocates to disseminate misleading messages to a certain
audience, whose views on vaccination could be susceptible to
change. However, it also means that governmental officials
should consider using these platforms to communicate with
individuals directly about vaccination via geotailored messages
to address concerns specific to a certain region.
Third, different states demonstrated various trends in sentimental
and emotional scores. Our geospatial analysis and map
visualization [53] better portray more aspects of users’ attitudes
towards COVID-19 vaccines. This helps identify the areas with
high negative sentimental and emotional scores that require
further research to understand the public's underlying fears and
concerns about COVID-19 vaccines. We also recommend
government and public health agencies conduct COVID-19
vaccine campaigns in these areas to address people’s fears and
concerns about COVID-19 vaccines and provide guidance to
access available vaccines.

Limitations and Future Work
Our study has several limitations that can be improved in future
studies. First, the demographics of Twitter users is typically
characterized by younger users who are avid users of mobile
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phone apps and the internet, and such users may not be able to
reflect the opinion and perception of the general public with
varying demographics and socioeconomic statuses [54,55]. In
addition, the representativeness of Twitter users is not stationary
but geographically varying [56,57]. Like other studies that rely
on digital devices, the “digital divide” [58] issue needs to be
acknowledged. This study only accounts for the reactions from
Twitter users to vaccines, which, to some degree, neglect the
underprivileged members of society (especially the poor and
elderly), inhabitants of rural areas (who do not have access to
digital devices), and those who are not willing to share their
thoughts on social media platforms. Additionally, the Twitter
API that we used allows access to approximately only 1% of
the total records [59]. As Padilla et al [60] demonstrated, tweet
sentiment can be impacted based on attraction visits throughout
the course of a day. Hence, future work needs to increase the
sample size to reduce the uncertainties and fluctuations of
sentiment scores and emotions. Efforts are also needed to
distinguish between local residents and visitors and also conduct
investigations under finer temporal scales. In early 2021, Twitter
released a new Twitter API (academic research product track)
that grants free access to a full-archive search with enhanced
features and functionality for researchers to obtain more precise,
complete, and unbiased data for analyzing the public
conversation [61]. Further efforts can be made to explore the
potential of this new API in mining public opinions towards
COVID-19 vaccines at a more granular scale. Since emotion is
a complex and integrated product of human feelings [62], future
research efforts can be put into exploring more diverse
dimensions of emotion, on top of the 8 primary types of emotion.
Moreover, disaster and crisis management includes 4 phases,
namely prevention (capacity building), preparation (early
warning), response (search, rescue, and emergency relief), and
recovery (rehabilitation) [63]. Management of the COVID-19
pandemic is still in the response phase. For policy and
decision-making endeavors that are pertinent to COVID-19
crisis management, it will be highly beneficial if researchers
and practitioners continuously monitor emotional and
perspective variations throughout the response and also extend
the study timeline to the recovery phase or massive vaccination
phase in the post-pandemic years. More importantly, to
understand the impact of vaccination on countries, the workflow
and methodology used in this study can be applied in multiple
languages to global-scale geotweets.
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Abstract
Background: The COVID-19 pandemic has resulted in a high degree of psychological distress among health care workers
(HCWs). There is a need to characterize which HCWs are at an increased risk of developing psychological effects from the
pandemic. Given the differences in the response of individuals to stress, an analysis of both the perceived and physiological
consequences of stressors can provide a comprehensive evaluation of its impact.
Objective: This study aimed to determine characteristics associated with longitudinal perceived stress in HCWs and to assess
whether changes in heart rate variability (HRV), a marker of autonomic nervous system function, are associated with features
protective against longitudinal stress.
Methods: HCWs across 7 hospitals in New York City, NY, were prospectively followed in an ongoing observational digital
study using the custom Warrior Watch Study app. Participants wore an Apple Watch for the duration of the study to measure
HRV throughout the follow-up period. Surveys measuring perceived stress, resilience, emotional support, quality of life, and
optimism were collected at baseline and longitudinally.
Results: A total of 361 participants (mean age 36.8, SD 10.1 years; female: n=246, 69.3%) were enrolled. Multivariate analysis
found New York City’s COVID-19 case count to be associated with increased longitudinal stress (P=.008). Baseline emotional
support, quality of life, and resilience were associated with decreased longitudinal stress (P<.001). A significant reduction in
stress during the 4-week period after COVID-19 diagnosis was observed in the highest tertial of emotional support (P=.03) and
resilience (P=.006). Participants in the highest tertial of baseline emotional support and resilience had a significantly different
circadian pattern of longitudinally collected HRV compared to subjects in the low or medium tertial.
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Conclusions: High resilience, emotional support, and quality of life place HCWs at reduced risk of longitudinal perceived stress
and have a distinct physiological stress profile. Our findings support the use of these characteristics to identify HCWs at risk of
the psychological and physiological stress effects of the pandemic.
(J Med Internet Res 2021;23(9):e31295) doi:10.2196/31295
KEYWORDS
wearable device; COVID-19; stress; heart rate variability; psychological; psychology; physiology; mental health; health care
worker; observational; app; heart rate; nervous system; resilience; emotion; support; quality of life

Introduction

Methods

Increasing rates of SARS-CoV-2 infections and hospitalizations,
growing workloads, and concern regarding personal protective
equipment have resulted in a large psychological burden on
health care workers (HCWs) [1]. Prior pandemics have had
psychological effects on HCWs, increasing posttraumatic stress,
depression, and anxiety [1-3]. However, the scale and duration
of the COVID-19 pandemic have further amplified the risk of
these adverse outcomes. Cross-sectional studies have
demonstrated that frontline HCWs are at a high risk of
depression, anxiety, insomnia, and distress compared to the
general population [4-6]. HCWs working in wards serving
patients with COVID-19 reported higher levels of stress,
exhaustion, depressive mood, and burnout [7,8]. However, there
is limited longitudinal data on the pandemic’s psychological
impact on this group and across health care occupations, no
means to identify which HCWs are at risk of developing
psychological sequela over time, and no objective evaluation
of the stress response among HCWs. Identification of at-risk
HCWs will allow for the appropriate allocation of mental health
resources.

Study Design

Advances in digital technology provide a means to address these
limitations. Smartphone apps can be used to administer surveys
and integrate wearable devices, such as the Apple Watch, to
monitor the autonomic nervous system (ANS), a primary
component of the stress response. ANS function can be
ascertained through measurement of heart rate variability
(HRV), a measure of the parasympathetic and sympathetic
nervous systems’ impact on cardiac contractility through
calculation of changes in the beat-to-beat intervals [9]. Systems
such as the ANS promote adaption to stressors. However, the
cumulative burden of stress, or allostatic load, can alter and
impair the response of these systems and result in deleterious
physical effects on processes ranging from immune function to
cardiovascular health. Given the large differences in the response
of individuals to stress, an evaluation of both the perceived and
physiological consequences of the stressor could provide a more
comprehensive overview of its impact and an understanding of
who is at risk from the deleterious physical effects of chronic
stress [10]. In response to the COVID-19 pandemic, we launched
the Warrior Watch Study, comprised of our custom iOS app,
which integrates survey metrics with physiological signatures
acquired via the Apple Watch. The aim of the study was to
understand the longitudinal perceived and physiological stress
response among HCWs throughout the course of the pandemic.
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This was an observational cohort study. The primary objective
of the study was to identify characteristics associated with
longitudinal stress in HCWs. The secondary aim was to
determine whether changes in HRV were associated with
features protective against longitudinal stress development.
HCWs across 7 hospitals in New York City (The Mount Sinai
Hospital, Morningside Hospital, Mount Sinai West, Mount Sinai
Beth Israel, Mount Sinai Queens, New York Eye and Ear
Infirmary, and Mount Sinai Brooklyn) were eligible. Participants
had to be current employees of one of the participating hospitals,
≥18 years of age, have an iPhone Series 6 or higher, and be
willing to wear an Apple Watch Series 4 or higher. An
underlying autoimmune disease or the use of medications that
interfere with ANS function were exclusionary. This study was
approved by the institutional review board at Mount Sinai.
Informed consent was obtained from all participants.

Study Procedures
Participants downloaded the custom Warrior Watch Study app
to their iPhones and completed eligibility questions prior to
signing electronic consent. Through the Warrior Watch Study
app, surveys were completed at enrollment and then
longitudinally throughout the course of the study. At enrollment,
demographic information and whether subjects had a diagnosis
of anxiety or depression were collected. Psychological
well-being was assessed through structured surveys evaluating
perceived stress (Perceived Stress Scale-4 [PSS-4]) [11],
resilience (Connor-Davidson Resilience Scale-2 [CD-RISC-2])
[12], emotional support (2-item Patient-Reported Outcomes
Measurement Information System [PROMIS] questionnaire)
[13], quality of life (2-item Global Health and Quality of Life
[QoL]) [14], and optimism (Life Orientation Test) [15] (Table
S1, Multimedia Appendix 1). Diagnosis of COVID-19 was
defined as a positive SARS-CoV-2 nasal polymerase chain
reaction (PCR) swab reported by the study subject.
To longitudinally evaluate subjects, daily surveys were
administrated via the study app to collect COVID-19–related
symptoms and severity, degree of COVID-19 exposure at work,
types of patient care at work, whether participants left their
home each day, if public transportation was used, the number
of people that participants interacted with each day, the results
of any COVID-19 nasal PCR or antibody tests, whether the
subject was quarantined, if childcare needs were required, and
if the subject was hospitalized. To assess trends in psychological
well-being, subjects were prompted to complete the PSS-4 and
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2-item General Health and QoL survey weekly. Participants
were instructed to wear the Apple Watch for at least 8 hours
per day throughout the study period.

Outcome Measures, Instrumentation, and the
Wearable Device
HRV, a physiological marker of stress, was collected via the
Apple Watch, while subjective outcome measures were assessed
through standardized surveys. The Apple Watch Series 4 or 5
was worn by subjects on the wrist to capture HRV and was
connected via Bluetooth to the participants’ iPhone. A
photoplethysmogram sensor on the Apple Watch pairs a green
LED (light-emitting diode) light with a light-sensitive
photodiode to generate time-series peaks [16]. The Apple Watch
and Apple Health app calculates HRV using the standard
deviation of NN intervals (SDNN) from the time differences
between heart beats, categorized as the interbeat interval. SDNN
is a time domain index reflecting sympathetic and
parasympathetic nervous system activity [9]. This is recorded
by the Apple Watch during approximately 60-second recording
periods (ultrashort period). Ultrashort term analyses of HRV
can be reliably performed to monitor mental health [17]. In
accordance with current HRV guidelines, we did not compare
SDNN values obtained from recordings of different duration,
and we used one measuring device (Apple Watch) to assure
standardization of the equipment [18].

Hirten et al
different time windows between each weekly survey, a period
was assigned to each weekly survey according to participants’
starting and ending dates. When a participant’s survey was
completed less than 7 days from their previous survey date, the
day after the previous survey date was regarded as the starting
window date for the next period. When a participant’s survey
was done 7 days or more apart from the previous survey date,
the starting window date was set to 6 days prior to the current
survey date. To integrate weekly psychological metrics and
daily risk/health metrics, the results of the daily surveys were
summarized by the periods defined by the weekly surveys. Daily
survey data were summarized for each period (eg, mean number
of risk days per period, mean number of days left home per
period). To examine the associations between the COVID-19
case count of New York City and perceived stress, raw case
count data were obtained for the city and summarized as a mean
case count per period [19].

Occupation Classification
The occupation of each participant was collected at enrollment.
Due to the pandemic, the roles and responsibilities of these
occupations may have changed compared to nonpandemic job
descriptions. We therefore created a new occupation metric to
identify which participants were seeing patients during the study.
Occupation was calculated as follows:
1.

The PSS-4 measures perceived stress. It is a 4-question survey
that is scored from 0 to 16. Higher scores correlate with elevated
perceived stress. The scale evaluates an individual’s confidence
in handling problems, whether individuals feel difficulties are
piling up, whether things are felt to be going in the way of the
individual, and one’s sense of control [11].
The CD-RISC-2 measures resilience. It is a 2-question survey,
with higher scores correlating to higher resilience. It includes
questions about coping, bouncing back from adversity, whether
an individual gets discouraged, and adaptation to change [12].
The 2-item emotional support PROMIS questionnaire is a
2-question survey inquiring about whether individuals have
someone to listen to them when they need to talk and someone
they trust to discuss their feelings with. It is scored on a scale
from 2 to 10 points [13].
The 2-item Global Health and QoL questionnaire asks
individuals to grade how their health and quality of life are in
general, with higher scores correlating with lower health and
quality of life [14].
The Life Orientation Test assesses subject optimism. It
comprises 6 questions that ask individuals whether he or she
expects the best in uncertain times, whether he or she expects
things to go wrong, and whether more good is expected to
happen compared to bad [15].

Statistical Analysis
Survey Analyses
To account for gaps created by unanswered weekly surveys and
allow comparison for each patient, we created a chronological
variable called a “period.” To account for participants having
https://www.jmir.org/2021/9/e31295
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2.
3.

Daily clinical occupation was calculated from the daily
survey where participants classified the type of patient or
nonpatient care responsibilities that day. Those who
reported either (a) exposure to patient areas but without
patients diagnosed with or being evaluated for COVID-19,
or (b) exposure to areas with patients confirmed to have
COVID-19 or being investigated for COVID-19 infection,
were assigned as “clinical” for that day. Those who
responded they were at work but not caring for patients or
those who were working remotely were classified as
“nonclinical” for that day.
If a participant had one or more clinical days in a period,
that participant was assigned as clinical for that period.
If a participant had one or more clinical periods over the
entire study, then they were deemed as either clinical
nontrainee or clinical trainee. To be classified as a clinical
trainee, a participant had to be either a resident or fellow.
All other occupations were classified as staff.

Statistical Modeling
To model longitudinal changes in stress, we used linear
mixed-effect models. Fixed effects included time-invariant
covariates (gender, age, occupation, baseline resilience,
optimism, and quality of life) and time-variant covariates
(COVID-19 diagnosis, SARS-CoV-2/COVID-19 antibody
positive test, mobility variables). A continuous first-order
autoregressive correlation structure (over period) was found to
be suitable for our data, significantly increasing the likelihood
function (likelihood ratio test, P<.001) and leading to a minimal
Akaike information criterion or Bayesian information criterion.
Model coefficients were estimated using the restricted maximum
likelihood approach via R’s nlme packages (R Foundation for
Statistical Computing). Hypotheses of interest were tested using
contrasts through the capabilities of the emmeans package.
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Univariate models tested the association of each variable with
longitudinal stress and identified associated factors. Variables
with P<.10 in the marginal ANOVA (analysis of variance) test
were considered significant and included in the multivariate
analysis. Although in univariate models random effects include
only the intercept, in multivariate models, a random effect for
the case burden in New York City was found to be significant
(likelihood ratio test, P<.001), indicating heterogeneity in the
association of this variable with stress across subjects.

Heart Rate Variability Modeling
HRV captured from the Apple Watch demonstrated a sparse
nonuniform sampling and circadian pattern, making it amenable
to analysis via a cosinor model. This approach models the daily
HRV circadian rhythm over a period of 24 hours, which can be
described using the circadian parameters: (1) midline statistic
of rhythm (MESOR), a rhythm-adjusted mean; (2) amplitude,
a measure of half the extent of variation within a day; and (3)
acrophase, a measure of the time of overall high values recurring
in each day. This allows testing of the effect that model
covariates have on HRV. A cosinor model used the nonlinear
function Y(t)=M + Acos(2πt/τ + ϕ + ei(t), where τ is the period
(τ=24 hours), M is the MESOR, A is the amplitude, and ϕ is
the acrophase. This can be transformed into the linear model
x=sin(2πt/τ), z=sin(2πt/τ), with HRV written as Y(t)=M + βxt
+ γzt + ei(t). We identified a subject-specific daily pattern
measuring departures from this pattern as a function of
emotional support, resilience, and other covariates of interest.
Utilizing a mixed-effect cosinor model HRV, the introduction
of random effects intrinsically models the correlation due to the
longitudinal sampling. Covariates, C, were introduced as fixed
effects using the equation HRVit = M + aoCi + (β + a2Ci)xit +
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(γ + a3Ci)zit + Witθi + ei(t). As we have described previously to
test if the cosinor curve differs between two populations of
interest, we performed the bootstrapping procedure where for
each iteration, we (1) fit a linear mixed-effect model using
reweighted least squares, (2) estimated the marginal means for
each group defined by a covariate, (3) estimated marginal means
for each group using the inverse relationship, and (4) defined
the bootstrapping statistics as a pairwise difference between
groups [20]. Cosinor models were used to estimate HRV
MESOR, amplitude, and acrophase for participants based on
emotional support and resilience tertials (low, medium, high).
Cosinor model covariates included time, gender, age, BMI,
baseline emotional support, baseline resilience, optimism, and
stress, with the participant serving as a random intercept.

Results
Overview
A total of 361 HCWs were enrolled in this ongoing
observational study between April 29 and September 29, 2020,
when data were censored for analysis (Table 1). Occupations
were classified as (1) clinical nontrainees: participants who
reported caring for a patient on any daily survey and was not a
resident or fellow, (2) clinical trainee: a resident or fellow, and
(3) staff: participants who did not report caring for patients on
a daily survey. Participants had a mean age of 37 years, were
69.3% (n=246) female, and were followed for a mean of 60
days (IQR 21-98 days). Clinical trainees had higher baseline
resilience compared to clinical nontrainees (P=.03) and staff
(P=.01), higher optimism (P=.04) and emotional support (P=.01)
compared to staff, and higher emotional support compared to
clinical nontrainees (P=.01) (Table S2, Multimedia Appendix
1).
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Table 1. Baseline demographic characteristics of the total cohort and by occupation category.
Characteristic

Total cohort
(N=361)

Staff (n=65)

Clinical nontrainee Clinical trainee
(n=217)
(n=40)

Age (years), mean (SD)

36.8 (10.1)

36.5 (11.0)

37.8 (10.4)

31.1 (3.6)

a

BMI, mean (SD)

25.7 (5.8)

—

—

—

Female gender, n (%)

246 (69.3)

43 (66.2)

158 (73.8)

20 (51.3)

Asian

90 (24.9)

14 (21.5)

49 (22.6)

14 (35.0)

Black

33 (9.1)

3 (4.6)

23 (10.6)

4 (10.0)

White

132 (36.6)

26 (40.0)

80 (36.9)

15 (37.5)

Other

47 (13.0)

7 (10.8)

31 (14.3)

6 (15.0)

59 (16.3)

15 (23.1)

34 (15.7)

1 (2.5)

Baseline positive SARS-CoV-2 nasal PCR, n (%)

22 (6.1)

2 (3.1)

16 (7.4)

2 (5.0)

Baseline positive SARS-CoV-2 serum antibody, n (%)

35 (9.7)

6 (9.2)

22 (10.1)

2 (5.0)

Current/past smoker

48 (13.5)

10 (15.4)

31 (14.5)

0 (0.0)

Never/rarely smoked

307 (86.5)

55 (84.6)

183 (85.5)

39 (100.0)

Baseline immune-suppressing medication, n (%)

4 (1.4)

0 (0.0)

4 (1.9)

0 (0.0)

Anxiety or depression, n (%)

73 (20.6)

16 (24.6)

43 (20.1)

7 (17.9)

Perceived Stress Scale-4

5.3 (3.1)

5.3 (3.1)

5.5 (2.9)

5.4 (3.1)

Connor-Davidson Resilience Scale-2

5.7 (1.4)

5.4 (1.5)

5.7 (1.4)

6.2 (1.3)

Optimism

19.1 (4.2)

18.4 (4.3)

18.8 (4.2)

20.1 (3.7)

Emotional support

6.8 (1.5)

6.7 (1.7)

6.8 (1.5)

7.6 (0.9)

Quality of life

7.8 (1.5)

7.5 (1.4)

7.8 (1.4)

8.0 (1.5)

Asthma

41 (11.4)

13 (20)

19 (8.8)

5 (12.5)

Chronic lung disease

1 (0.3)

0 (0.0)

0 (0.0)

1 (2.5)

Heart disease

1 (0.3)

1 (1.5)

0 (0.0)

0 (0.0)

Cancer

2 (0.6)

0 (0.0)

2 (0.9)

0 (0.0)

Diabetes mellitus

6 (1.7)

2 (3.1)

4 (1.8)

0 (0.0)

Hypertension

20 (5.5)

5 (7.7)

11 (5.1)

0 (0.0)

Pneumonia

7 (1.9)

1 (1.5)

5 (2.3)

1 (2.5)

Race, n (%)

Ethnicity, n (%)
Hispanic
b

Baseline smoking status, n (%)

Baseline survey metrics, mean (SD)

Baseline medical conditions, n (%)

a

Not applicable.

b

PCR: polymerase chain reaction.

Factors Associated With Longitudinal Stress
The primary aim of the study was to assess the factors associated
with longitudinal perceived stress. Univariate analysis evaluated
the relationship between baseline demographics and
prospectively collected survey metrics with longitudinal
perceived stress (Table 2). Baseline factors including resilience,
optimism, emotional support, quality of life, male gender, and
age were significantly associated with lower longitudinal stress.
Baseline anxiety or depression, BMI, weight, and asthma were
https://www.jmir.org/2021/9/e31295
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significantly associated with increased longitudinal stress.
Longitudinal quality of life (P<.001) was associated with
reduced longitudinal stress, while the mean number of
COVID-19 cases in New York City (P=.004) was positively
associated with increased longitudinal stress. Occupation
classification (staff vs clinical nontrainee, P=.81; staff vs clinical
trainee, P=.15; clinical nontrainee vs clinical trainee, P=.17),
mean number of days caring for patients (P=.88), and treatment
of patients with COVID-19 (P=.73) were not associated with
longitudinal stress. We observed a significant reduction in stress
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during the 4-week period following diagnosis (P=.01) and over
the follow-up period (P=.04). Multivariable analysis found only
the New York City COVID-19 case count to be significantly
associated with increased longitudinal stress (P=.008). The drop
in stress during the 4-week period following COVID-19
diagnosis was not significant (P=.23); however, we noted a
borderline significant increase in stress following the 4-week
period after a COVID-19 diagnosis (P=.05). Baseline emotional
support, baseline quality of life, and baseline resilience were
associated with decreased longitudinal stress (P<.001) (Figure
1).
The COVID-19 case count of New York City and the 4-week
period after a COVID-19 diagnosis via nasal PCR were further
explored in the context of emotional support and resilience.
Participants were stratified into emotional support tertials (low,
medium, high). A significant reduction in stress during the
4-week period after COVID-19 diagnosis occurred only in
participants in the highest tertial of emotional support (effect
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estimate –0.97, P=.03) but not in the medium (effect estimate
–0.62, P=.48) and low tertials (effect estimate 0.08, P=.93)
(Figure S1A, Multimedia Appendix 2). A significant trend
between New York City’s COVID-19 case count and
longitudinal stress was observed only in the high tertial
emotional support group (estimate 1.22, P=.005), not in the low
(estimate –1.45, P=.26) or medium (estimate 0.98, P=.16)
tertials (Figure S1B, Multimedia Appendix 2). Stratification of
the cohort into tertials for resilience demonstrated a significant
reduction in stress during the 4-week period after COVID-19
diagnosis via nasal PCR in the high (estimate –1.78, P=.006)
but not medium (estimate 0.33, P=.64) and low tertials (estimate
–0.60, P=.25) (Figure S1C, Multimedia Appendix 2). The impact
of New York City’s COVID-19 case count demonstrated a
borderline significant relationship with stress in the medium
(estimate 1.29, P=.098) and high (estimate 1.14, P=.09) tertials
but not in the low resilience group (estimate 0.72, P=.21) (Figure
S1D, Multimedia Appendix 2).
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Table 2. Univariate analysis of factors associated with longitudinal perceived stress.
Factor

Effect estimate

P value

Baseline resilience

–0.84

<.001

Baseline optimism

–0.34

<.001

Baseline emotional support

–0.62

<.001

Baseline quality of life

–0.71

<.001

Longitudinal quality of life

–0.80

<.001

Baseline anxiety or depression

1.27

<.001

Baseline BMI

0.07

.001

Male gender

–0.94

.002

Mean New York City case count per period

0.82

.004

No positive COVID-19 nasal PCRa at baseline

0.91

.11

2 weeks post positive COVID-19 nasal PCR test

–0.18

.62

4 weeks post positive COVID-19 nasal PCR test

–0.82

.01

2 weeks post positive COVID-19 antibody test

–0.36

.19

4 weeks post positive COVID-19 antibody test

–0.10

.71

Any period post positive COVID-19 nasal PCR test

–0.85

.04

2 weeks post positive COVID-19 PCR or antibody test

–0.25

.28

Any period post positive COVID-19 antibody test

–0.26

.36

Weight

0.02

.04

Age

–0.03

.047

Baseline asthma

0.89

.045

Baseline heart disease

3.37

.19

Baseline hypertension

–0.34

.58

Baseline diabetes

–0.20

.85

Mean symptomatic days per period

0.32

.07

Staff vs clinical nontrainee

–0.03

.81

Staff vs clinical trainee

0.43

.15

Clinical vs clinical trainee

0.60

.17

Any period post positive COVID-19 PCR or antibody test

–0.47

.07

Height

–0.03

.08

Mean days traveled per period

–0.09

.58

Days left home per period

–0.05

.08

No immune-suppressing medication at baseline

–1.80

.17

No childcare needs at baseline

–0.39

.23

Smoking at baseline

0.53

.20

Mean days hospitalized per period

–1.66

.27

Mean days treating COVID-19–positive patients per period

0.22

.28

Number of days left home

–0.02

.30

Asian vs Black

0.02

.97

Asian vs other

–0.34

.47

Black vs other

–0.36

.55

White vs Asian

0.01

.99

White vs Black

0.03

.96
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Factor

Effect estimate

P value

White vs other

–0.34

.45

No positive COVID-19 antibody test at baseline

0.03

.69

Days caring for patients with COVID-19

0.01

.73

Interacted with 1-3 people outside the home per day

0.01

.97

Interacted with 4-9 people outside the home per day

0.01

.96

Interacted with ≥10 people outside the home per day

–0.11

.64

Mean days quarantined per period

–0.20

.80

Total symptomatic days per period

0.01

.85

Days working weighted based on patient exposure

0.03

.69

Days hospitalized per period

0.07

.88

Days quarantined per period

–0.03

.90

Mean number of days the participant left the house per period

0.03

.90

Mean working days during this period

0.02

.88

Sum of the severity of COVID-19 symptoms per period

–0.001

.96

Mean severity of COVID-19 symptoms this period

0.08

.14

PCR: polymerase chain reaction.
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Figure 1. Multivariate analysis of factors associated with longitudinal stress. The scatter plot shows estimated coefficients (CIs) for variables used in
the multivariate analysis. Stars indicate that the variable has a significant (P<.05) association with longitudinal stress while crosses indicate a borderline
significant relationship (P<.10). Positive association is indicated in blue and negative association in red. NYC: New York City; PCR: polymerase chain
reaction.

Physiological Stress Response
The secondary aim of the study was to evaluate whether features
that buffer against perceived stress result in physiological
differences in the stress response of HCWs. We fit a cosinor
model evaluating differences in HRV (SDNN) (Table S3,
Multimedia Appendix 1). A significant reduction in the
amplitude of the circadian pattern of SDNN was observed
between participants with high compared to medium (P<.001)
and low (P=.008) emotional support (Figure 2A and 2B). There
was a significant reduction in the acrophase of the circadian
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pattern of SDNN in participants with high emotional support
compared to those with medium (P<.001) and low (P=.004)
emotional support. Significant changes in the circadian pattern
of SDNN were also observed when the cohort was stratified
based on baseline resilience (Figure 2C and 2D). The amplitude
of the circadian pattern of SDNN was significantly lower in
subjects with high resilience compared to those with low
(P<.001) and medium (P<.001) resilience. Similarly, the
acrophase of participants with high resilience was significantly
reduced compared to those with medium (P<.001) and low
(P=.048) resilience (Table 3).
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Figure 2. Exploring the relationship between heart rate variability (HRV), emotional support, and resilience. Plots A and C show mean (95% CIs)
HRV midline statistic of rhythm (MESOR), amplitude, and acrophase for participants with low, medium, and high emotional support (A) or resilience
(C). Stars indicate significant differences between groups. Plots B and D show average daily circadian HRV rhythm for participants with low, medium,
and high emotional support (B) or resilience (D). +P<.10, *P<.05, **P<.01, ***P<.001. SDNN: standard deviation of NN intervals.
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Table 3. Comparison of mean heart rate variability parameters stratified based on emotional support and resilience tertials.
Parameter and tertial comparisons

Emotional support, P value

Resilience, P value

Low vs medium

.60

.10

Low vs high

.67

.46

Medium vs high

.78

.71

Low vs medium

.68

<.001

Low vs high

.01

<.001

Medium vs high

<.001

.24

Low vs medium

.70

.09

Low vs high

.004

.048

Medium vs high

<.001

<.001

MESORa

Amplitude

Acrophase

a

MESOR: midline statistic of rhythm.

Discussion
Principal Results and Comparison With Prior Work
In summary, to the best of our knowledge, we conducted the
first study identifying HCW characteristics that correlate with
longitudinal stress during the COVID-19 pandemic and
identified employees at risk of psychological sequela. We found
worsening longitudinal stress to be associated with the number
of COVID-19 cases in the community, highlighting the effect
of this environmental stressor. Baseline emotional support,
resilience, and quality of life, rather than occupation class,
defined which HCWs were prone to perceived longitudinal
stress and characterized a unique ANS stress profile.
In line with our findings, prior work shows that emotional
support and resilience buffer against stress [21,22]. Resilience,
defined as a reduced vulnerability to environmental stressors
and the ability to overcome difficulty, is crucial to establishing
social relationships and is tied to social support, which also acts
as an environmental protective factor against adversity [23-25].
In addition to demonstrating their stress protective effect in the
multivariate analysis, when we further evaluated the COVID-19
case count of New York City, a factor associated with
longitudinal stress over time, we again found that those with
lower emotional support or resilience were vulnerable to a
dynamic stress response uncoupled from the environmental
COVID-19 stressor. Similarly, the transient reduction in stress
that occurs after a COVID-19 diagnosis only occurs in those
with high emotional support and resilience. Importantly, these
latter findings highlight how high resilience or high emotional
support can minimize the impact of factors associated with
longitudinal stress in HCWs.
A strength of our study is the objective assessment of this
observation through longitudinal HRV measurements. HRV is
a marker of physiological stress on the ANS. Repeated stressors
that are felt to be unmanageable and overwhelming may lead
to an impaired stress response characterized by altered
https://www.jmir.org/2021/9/e31295
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autonomic and hypothalamic-pituitary-adrenal axis function
[26,27]. Buffers to stress, such as resilience, have also been
shown to impact ANS function and are associated with an
activation of the sympathetic nervous system that is sufficient
to respond to a stressor but not to a degree that results in the
development of negative psychological effects [19]. Resilience
has been shown to moderate the relationship between perceived
stress and the hypothalamic pituitary adrenal axis, which acts
as a primary mediator of the physiological stress response [28].
Studies evaluating resilience have demonstrated an associated
characteristic ANS profile, with higher vagal indices and with
a baseline sympathovagal balance shifted toward
parasympathetic predominance [27,29]. Resilience has been
associated with the modulation of sympathetic nervous system
activation, allowing for an adequate response to a stressor but
with moderation of the degree of activation and a rapid return
to baseline. This allows for a stable emotional response and
reduced chronic anxiety [27,30,31]. Our findings extend these
observations into HCWs during the COVID-19 pandemic. We
found that buffers of stress, such as high resilience or high
emotional support, were characterized by a physiologically
distinct ANS profile confirming their impact on how individuals
respond to stressors. These findings substantiate the effect these
features have on longitudinal stress in HCWs in multiple
dimensions, reaffirming their importance not only in the
perception of stress but also in how HCWs are physiologically
affected by the COVID-19 pandemic stressor.
Our findings have implications for how HCWs can be assessed
for the pandemic’s detrimental psychological effects, through
screening for an individual’s degree of resilience and social
support. Evaluation of these characteristics will assist health
care institutions in allocating often limited psychological support
services to at-risk individuals. Importantly, one of these features,
resilience, is modifiable through targeted interventions. This
provides an opportunity to build resilience in HCWs who are
found to have low resilience. While further studies are needed
on the impact of such interventions in HCWs, they may mitigate
the physiological impact of longitudinal stress. Several resilience
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building interventions have demonstrated to be effective in
HCWs [32,33]. However, our findings linking HRV alterations
with degree of resilience, makes HRV focused resilience
building exercises an attractive option [34].

by many environmental factors that cannot be fully accounted
for in such studies. While we tried to control for relevant
covariates, there is the potential for unmeasured factors to
impact our results.

Strengths and Limitations

Conclusions

Strengths of the study are its multicenter, longitudinal study
design. Furthermore, the number and type of longitudinal
variables we captured allowed for a robust multivariate analysis.
Lastly, the incorporation of ANS parameters provided an
objective assessment of the stress response. However, there are
several limitations to our study. The Apple Watch provides
HRV data in one-time dimension (SDNN), limiting evaluation
of other metrics with outcomes of interests. The Apple Watch
also provides HRV sampling sporadically throughout the day.
While our modeling accounts for this, a denser sampling would
allow expanded analyses. Additionally, HRV can be impacted

We identified features associated with longitudinal perceived
stress in HCWs during the COVID-19 pandemic. The
COVID-19 case count of New York City was significantly
associated with increased longitudinal perceive stress, and
baseline emotional support, quality of life, and resilience were
associated with decreased longitudinal perceived stress.
Furthermore, high resilience and high social support impacted
the physiological stress response and were associated with a
unique autonomic nervous system profile. This demonstrates
the importance of resilience and social support on both
perception of stress and its physiological impact.
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Supplementary tables.
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Multimedia Appendix 2
Supplementary figures. Plots A and C show changes in longitudinal stress following a positive COVID-19 nasal test in participants
with low, medium, and high emotional support (A) or resilience (C); stars indicate that change in longitudinal stress was significantly
different from zero. Line plots B and D show the relationship between New York City's COVID-19 case count and mean
longitudinal stress (CIs) for participants with low, medium, and high emotional support (B) or resilience (D); stars indicate a
significant trend between case count and longitudinal stress. +<italic>P</italic><.10, *<italic>P</italic><.05,
**<italic>P</italic><.01, ***<italic>P</italic><.001.
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Abstract
Background: Technologies have been extensively implemented to provide health care services for all types of clinical conditions
during the COVID-19 pandemic. While several reviews have been conducted regarding technologies used during the COVID-19
pandemic, they were limited by focusing either on a specific technology (or features) or proposed rather than implemented
technologies.
Objective: This review aims to provide an overview of technologies, as reported in the literature, implemented during the first
wave of the COVID-19 pandemic.
Methods: We conducted a scoping review using PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-analyses)
Extension for Scoping Reviews. Studies were retrieved by searching 8 electronic databases, checking the reference lists of included
studies and relevant reviews (backward reference list checking), and checking studies that cited included studies (forward reference
list checking). The search terms were chosen based on the target intervention (ie, technologies) and the target disease (ie,
COVID-19). We included English publications that focused on technologies or digital tools implemented during the COVID-19
pandemic to provide health-related services regardless of target health condition, user, or setting. Two reviewers independently
assessed the eligibility of studies and extracted data from eligible papers. We used a narrative approach to synthesize extracted
data.
Results: Of 7374 retrieved papers, 126 were deemed eligible. Telemedicine was the most common type of technology (107/126,
84.9%) implemented in the first wave of the COVID-19 pandemic, and the most common mode of telemedicine was synchronous
(100/108, 92.6%). The most common purpose of the technologies was providing consultation (75/126, 59.5%), followed by
following up with patients (45/126, 35.7%), and monitoring their health status (22/126, 17.4%). Zoom (22/126, 17.5%) and
WhatsApp (12/126, 9.5%) were the most commonly used videoconferencing and social media platforms, respectively. Both health
care professionals and health consumers were the most common target users (103/126, 81.7%). The health condition most
frequently targeted was COVID-19 (38/126, 30.2%), followed by any physical health conditions (21/126, 16.7%), and mental
health conditions (13/126, 10.3%). Technologies were web-based in 84.1% of the studies (106/126). Technologies could be used
through 11 modes, and the most common were mobile apps (86/126, 68.3%), desktop apps (73/126, 57.9%), telephone calls
(49/126, 38.9%), and websites (45/126, 35.7%).
Conclusions: Technologies played a crucial role in mitigating the challenges faced during the COVID-19 pandemic. We did
not find papers describing the implementation of other technologies (eg, contact-tracing apps, drones, blockchain) during the first
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wave. Furthermore, technologies in this review were used for other purposes (eg, drugs and vaccines discovery, social distancing,
and immunity passport). Future research on studies on these technologies and purposes is recommended, and further reviews are
required to investigate technologies implemented in subsequent waves of the pandemic.
(J Med Internet Res 2021;23(9):e29136) doi:10.2196/29136
KEYWORDS
technologies; digital tools; COVID-19; novel coronavirus; scoping review; digital health; telemedicine

Introduction
Background
Since late 2019, COVID-19 has spread rapidly across the globe,
leading to 175 million infections and nearly 3.8 million deaths
worldwide [1]. Health care systems quickly became
overwhelmed with the influx of patients, which led to
overcrowded or inaccessible hospitals, delayed interventions
for time-sensitive conditions and chronic illnesses, and
overworked treatment teams that lacked proper personal
protective equipment [2].
While developing strategic implementations to eradicate the
disease, treatment providers, government entities, and
individuals relied on technologies to mitigate some of the
disastrous effects of COVID-19. Specifically, technologies have
been used by treatment providers working with patients via
telehealth; for contact tracing, screening, diagnosing COVID-19,
establishing vaccination or immunity passports, and delivering
foods, medications, and equipment; for predicting the trend of
the pandemic, drug and vaccine discovery, social distancing;
and for monitoring quarantined individuals [3]. Technological
support played an integral role in guiding these forms of
treatment and newly implemented policies likely prevented an
even greater global crisis.
Despite the technological advancements introduced as a result
of COVID-19, which some researchers have referred to as a
“digital revolution,” more technologies are still required to
alleviate the impact of COVID-19. For instance,
hospital-at-home care has yet to be widely introduced, despite
many patients who may benefit from this treatment [4]. While
less-urgent telehealth visits have played a large role in keeping
health care facilities at an appropriate patient capacity, the
hospital-at-home model would allow for patients to receive
treatment comfortably at home. Patients treated at home would
likely not contribute to overcrowding or take up valuable
personal protective equipment resources that treatment providers
may need for more serious uses. Other researchers have
commented that the use of artificial intelligence—which has
grown instrumentally throughout the COVID-19 pandemic—has
been sparing in assisting surgeons [5]. There is hope that, in the
future, artificial intelligence can facilitate patient recovery by
something as advanced as implementation in surgery or as
simple as patient ventilatory parameter adjustment.
Overall, technologies have played an integral part in keeping
communities safe and informed, giving treatment providers
innovative ways to effectively perform their duties, and
providing government administrations real-time information
on the virus’ effects.
https://www.jmir.org/2021/9/e29136
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Research Problem and Aim
Since the first COVID-19 infection was recorded in December
2019 [6], researchers have written extensively on how
technology has played a crucial role in the fight against
COVID-19—several reviews have been conducted about
technologies used during the pandemic. For instance,
Davalbhakta et al [7] reviewed mobile apps and assessed their
quality, with the primary purpose of mitigating issues related
to COVID-19. Gao et al [8] conducted a rapid review about the
use of telemedicine for COVID-19 for any purpose. Another
review [9] explored the COVID-19–related uses of the Internet
of Things, unmanned aerial vehicles, blockchain, artificial
intelligence, and 5G.
While these reviews [7-9] play a substantial role in informing
how technologies have been used to control the spread of
COVID-19, they have been limited by either their topic or their
nature. Specifically, most reviews [3,7,8,10] only focused on
one or a few technologies at a time, which is an approach that
does not allow for gauging the all-encompassing scope of
technology use during this pandemic. Moreover, some reviews
were literature reviews; therefore, they were not systematic or
comprehensive (ie, as systematic reviews and scoping reviews
are) [11]. Lastly, some reviews included proposed technologies,
rather than technologies that had been implemented [3,10]. In
contrast, we aimed to provide an overview of technologies, as
reported in the literature, that were implemented during the first
wave of the COVID-19 pandemic.

Methods
Overview
To achieve the above-mentioned objective, while ensuring both
replicable and transparent methods, we conducted a scoping
review using PRISMA ((Preferred Reporting Items for
Systematic Reviews and Meta-analyses) Extension for Scoping
[12].

Search Strategy
Search Sources
We searched the following electronic databases on August 14,
2020: MEDLINE (via Ovid), EMBASE (via Ovid), PsycInfo
(via Ovid), Scopus, Web of Science, IEEE Xplore, ACM
Library, and Google Scholar. To account for Google Scholar’s
vast number of results, only the first 100 citations (sorted by
relevance) were screened. To identify additional studies, eligible
studies’ reference lists were checked, and papers that cited
eligible studies were checked.
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Search Terms
To develop the search queries (Multimedia Appendix 1), 2
experts in digital health were consulted and other systematic
reviews of relevance to the review were checked. Terms were
chosen based on the target intervention (ie, technologies) and
the target disease (ie, COVID-19).

Study Eligibility Criteria
We included papers that focused on technologies or digital tools
implemented during COVID-19 to provide health-related
services (eg, consultations, diagnosis, and follow-up) regardless
of the target health condition, user, or setting. Studies that only
proposed technologies (ie, that did not implement technologies)
or focused on technologies for providing non–health-related
services (eg, shopping, food delivery) were excluded.
Peer-reviewed journal articles were considered, along with
conference proceedings, theses, dissertations, preprints, and
reports. We restricted our search to studies published between
January 1, 2020 to August 14, 2020. Conference abstracts,
proposals, editorials, commentaries, and non–English-language
papers were excluded. No restrictions related to country of
publication, outcome measure, and study design were applied.

Study Selection
We followed 3 steps to identify the relevant papers: (1)
duplicates were identified and removed using EndNote
(Clarivate Analytics). (2) Reviewers (AH and IA) independently
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checked the titles and abstracts of all identified studies. (3) The
2 reviewers independently read the full texts of papers included
from the second step. Any disagreements between the 2
reviewers were resolved by consulting a third reviewer (AA).

Data Extraction and Synthesis
We designed a form to extract the data precisely and
systematically (Multimedia Appendix 2). The form was
pilot-tested using 10 eligible papers. Given the large number
of eligible papers, the list was divided equally into 2 lists. While
AA and MA independently extracted the data from the first list,
AAA and US independently extracted data from the second list.
Any disagreements between the reviewers were resolved by
discussion until consensus was reached. A narrative approach
was then used to synthesize the extracted data; tables were also
used to describe technology types, aims, target users, target
health conditions, settings, and modes. Excel (Microsoft Inc)
was utilized to manage data extraction and synthesis.

Results
Search Results
Of 7374 citations retrieved through the search (Figure 1), 2878
duplicates were identified and removed. The remaining 4496
citation titles and abstracts were screened, of which 3723
citations were excluded. In total, 126 publications were included
in this review [13-138].
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Figure 1. Flowchart of the study selection process.

Characteristics of the Included Studies
The first paper [98] was published approximately 2 months after
of the emergence of COVID-19. While only 1 paper [98] was
published in the first 3 months, there was a sharp increase in
the number published in the 5 subsequent months (Table 1); the
largest number of studies (n=39) was published in June. The
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majority of studies (123/126, 97.6%) were papers in
peer-reviewed journals, while the remaining studies were reports
(n=2) and preprints (n=1). Studies were conducted in 23
different countries—the largest number of studies was carried
out in the United States (51/126, 40.5%), followed by China
(15/126, 11.9%), Italy (11/126, 8.7%), and India (10/126, 7.9%).
Multimedia Appendix 3 shows the characteristics of each study.
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Table 1. Characteristics of studies.
Characteristic

Studies (n=126), n (%)

Reference

February

1 (0.8)

[98]

April

14 (11.1)

[26,41,52,54,55,62,69,77,91,102,105,114,117,122]

May

31 (24.6)

[17,18,21,30,38,42,43,51,53,61,63-65,68,70,73,75,76,81,82,86,87,90,95,100,101,116,125,129,130,138]

June

39 (31.0)

[13,20,22,24,25,27-29,31,32,34,36,37,40,44,46,48,50,56,58,67,72,78-80,83,84,89,94,96,
99,103,104,108,113,120,124,132,137]

July

30 (23.8)

[15,16,23,33,35,39,45,47,49,57,59,66,71,74,85,88,93,97,106,107,109,112,123,126,128,131,133-136]

August

11 (8.7)

[14,19,60,92,110,111,115,118,119,121,127]

Journal article

123 (97.6)

[13-74,76-110,112-120,122-138]

Report

2 (1.6)

[75,111]

Preprint

1 (0.8)

[121]

United States

51 (40.5)

[16,18,20,25,30,31,36,37,39,41,46,47,49,50,56,58,67,69,70,72-76,79,84,85,87,88,92,93,
97,102,105,108-115,117,121,125,126,129,133,134,136,137]

China

15 (11.9)

[14,15,44,51,52,71,77,81,96,98,107,122,127,128,138]

Italy

11 (8.7)

[19,27,34,45,55,60,62,65,90,99,100]

India

10 (7.9)

[23,24,28,38,53,63,64,101,103,124]

United Kingdom

7 (5.6)

[43,66,82,104,119,120,130]

Canada

4 (3.2)

[42,78,91,95]

Spain

4 (3.2)

[29,33,48,106]

Germany

3 (2.4)

[32,123,132]

Japan

3 (2.4)

[59,80,131]

Australia

2 (1.6)

[35,61]

Denmark

2 (1.6)

[21,40]

Netherlands

2 (1.6)

[86,94]

Poland

2 (1.6)

[22,68]

Argentina

1 (0.8)

[54]

Austria

1 (0.8)

[17]

Bahrain

1 (0.8)

[13]

Brazil

1 (0.8)

[116]

Egypt

1 (0.8)

[57]

Mexico

1 (0.8)

[26]

Serbia

1 (0.8)

[83]

Singapore

1 (0.8)

[118]

South Africa

1 (0.8)

[135]

Taiwan

1 (0.8)

[89]

Month of publication

Type of publication

Country of publication

Characteristics of Technologies
The 126 studies featured 11 different types of technologies used
during the first wave of COVID-19 (Table 2). The most common
type was telemedicine, which was used in approximately 84.9%
of the studies (107/126). The mode of telemedicine was
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synchronous in 83 studies, asynchronous in 8 studies, and both
in 17 studies. Technologies (Multimedia Appendix 4) were used
for 20 different purposes. The most common aims of the
technologies were providing consultations (75/126, 59.5%),
following up with patients (45/126, 35.7%), and monitoring
patient health status (22/126, 17.4%).
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Table 2. Characteristics of technologies in the studies.
Characteristics

Studies (n=126), n (%)

Reference

107 (84.9)

[13-119]

Technology typea
Telemedicine

Clinical decision sup- 11 (8.7)
port tools

[78,80-83,88,89,117,120-122]

Robotic systems

6 (4.8)

[123-128]

Symptom trackers

6 (4.8)

[78,122,129-132]

Dashboards

5 (4.0)

[78,93,117,133,134]

Electronic health
records

4 (3.2)

[44,117,132,135]

Patient portals

3 (2.4)

[76,83,117]

Educational platforms 2 (1.6)

[136,137]

Triage tools

1 (0.8)

[93]

Reporting system

1 (0.8)

[83]

Low-dose computed
tomography

1 (0.8)

[138]

Synchronous

83 (76.9)

[13-22,25,26,28,30,31,33,34,36-45,47,49-51,54-59,62-64,66-76,78,79,82-89,92,93,96,97,
99-103,105,107-116,118,119]

Asynchronous

8 (7.4)

[23,24,48,81,91,94,98,129]

Both

17 (15.7)

[27,29,32,35,46,52,53,60,61,65,77,80,90,95,104,106,117]

Consultation

75 (59.5)

[13-87]

Follow up

45 (35.7)

[50-81,90,95-102,106,107,116,138]

Mode of telemedicineb

Technology aima

Monitoring health sta- 22 (17.4)
tus

[78,85-87,93,94,103-108,117,122,126-132,134]

Education

14 (11.1)

[46,47,49-52,77,91-94,107,136,137]

Triage

12 (9.5)

[52,78,79,82-84,87-90,93,117]

Treatment

12 (9.5)

[47,79,85,86,110-116,125]

Diagnosing

8 (6.3)

[45-47,89,117,126-128]

Screening

4 (3.2)

[80,81,109,124]

Accessing patient
records

4 (3.2)

[44,117,132,135]

Monitoring health ser- 4 (3.2)
vices

[93,117,133,134]

Decision making

3 (2.4)

[117,120,122]

Generating reports

3 (2.4)

[78,83,117]

Clinical assessment

2 (1.6)

[92,119]

Administrative support

2 (1.6)

[118,119]

Medical data exchange

2 (1.6)

[83,117]

Connecting patients
and families

2 (1.6)

[93,108]

Booking appointments 2 (1.6)

[78,117]

Drug delivery

[48]

1 (0.8)
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Characteristics

Studies (n=126), n (%)

Reference

Prognosis

1 (0.8)

[121]

Personal assistant

1 (0.8)

[123]

Abd-Alrazaq et al

Technology developmenta,c
Built for purpose

46 (58.2)

[20,25,29,34,41,44,45,47,49,51,56,58,61,69,70,73,76,80,81,83,86,89-91,93-95,101,104-107,114,
115,119,120,122,123,125-128,131,132,135,136]

Purpose-shifted

45 (57.0)

[14-16,18,20,23-26,31,34,37-39,47,50,53,54,57,62-64,67,69-72,74-77,87,90,96,97,100,101,107,
108,111,113,115,117,120,137]

Social media and videoconferencing platformsa
Zoom

22 (17.5)

[16,25,31,34,37,50,57,62,67,69,70,72,74-77,87,108,111,113,115,137]

WhatsApp

12 (9.5)

[23-25,38,53,54,57,62,63,90,100,120]

FaceTime

6 (4.8)

[20,72,76,97,101,108]

WeChat

5 (4.0)

[14,15,71,96,107]

WebEx

5 (4.0)

[47,64,108,111,115]

Google Duo

5 (4.0)

[20,25,62,76,101]

Skype

4 (3.2)

[26,62,76,100]

Telegram

3 (2.4)

[25,62,90]

Messenger

2 (1.6)

[25,90]

Target users
Health consumers and 103 (81.7)
health care professionals

[13-32,34-41,43,45-60,62-84,86-93,95-102,104-118,123,131,132,138]

Health care profession- 15 (11.9)
als

[33,42,44,59,85,103,119,121,125-128,135-137]

Health consumers

5 (4.0)

[61,94,124,129,130]

Decision makers

3 (2.4)

[122,133,134]

COVID-19

38 (30.2)

[26,29,44,45,52,75,78,81,85,88,89,93-95,103,104,106-109,117-119,121,122,124,126-136,138]

Any conditions

21 (16.7)

[15,18,25,28,35,40,48,49,54,55,73,79,80,83,84,90,100,102,105,123,137]

Mental conditions

13 (10.3)

[31,33,42,50,74,76,87,91,111-115]

Target conditionsa

Cardiovascular condi- 9 (7.1)
tions

[14,61,65,68,86,96,97,120,125]

Cancer conditions

6 (4.8)

[16,32,46,66,77,82]

Neurological conditions

6 (4.8)

[20,23,30,58,62,101]

Prenatal and postnatal 6 (4.8)
conditions

[41,47,56,59,60,110]

Diabetes

5 (4.0)

[13,17,21,37,99]

Orthodontic conditions

4 (3.2)

[39,43,69,70]

Rheumatic conditions 4 (3.2)

[22,27,38,63]

Ophthalmic conditions

3 (2.4)

[24,53,71]

Urologic conditions

3 (2.4)

[72,92,134]

Dermatological condi- 3 (2.4)
tions
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Characteristics

Studies (n=126), n (%)

Reference

Ear, nose, and throat
conditions

2 (1.6)

[67,116]

Liver conditions

2 (1.6)

[36,98]

Gastrointestinal condi- 1 (0.8)
tions

[36,91]

Orthodontic conditions

1 (0.8)

[34]

Reproductive conditions

1 (0.8)

[87]

Transplant conditions 1 (0.8)

[51]

Abd-Alrazaq et al

Settinga
Hospitals

81 (64.3)

[13-15,17,18,21-23,27-35,37,41-44,48,50-60,64,66,69-73,77,79,80,82,85,88-90,92-94,96-100,
102-108,110,116-123,126-128,133-135,137,138]

Medical clinics

46 (36.5)

[16,19,20,24-26,36,38-41,45-47,49,52,57,61-63,65,67,68,74-76,83,84,86-88,93,95,101,109,111-115,
117,123,125,131,132]

Community

7 (5.6)

[78,91,123,124,129,130,136]

Web-based

106 (84.1)

[13-16,18-20,23-32,34-39,41,43-54,56-58,60-65,67,69-81,83-90,92-98,100-115,117,119,120,122,
125-133,135-137]

Non–web-based

63 (50)

[13,17,20-24,26-33,35,40,42,43,46,49,52,53,55,59-62,65-68,74,76,77,79,81,82,84,88-93,95,97,99,101,
102,104,106,112,115-118,120,121,123,124,134,138]

Mobile apps

86 (68.3)

[13-16,18-20,23-26,28,30-32,34,36-39,41,43-45,47,49,50,53,54,56,57,61-65,67,69-78,80,81,84-88,90,
92-94,96-98,100-115,117,120,122,129-132,135,137]

Desktop apps

73 (57.9)

[14,16,19,20,23-26,28-32,34-38,47,50,52-54,57,58,62-65,67,69-78,80,82,83,85,87-90,92,93,96,100,
101,105,107-111,113-115,119-121,131,133,134,137,138]

Telephone calls

49 (38.9)

[13,17,20-24,27-33,35,40,42,43,46,49,52,53,55,59-62,65-68,76,77,79,82,84,90,92,97,99,101,
102,104,106,112,115-118]

Websites

45 (35.7)

[14-16,20,23-26,31,34,37,38,46,47,50,51,53,57,62-64,67,69-72,74-77,83,87,90,95,96,100,101,107,
108,111,113,115,120,136,137]

Emails

13 (10.3)

[27,29,32,35,46,53,57,60,65,77,90,95,117]

Robot

6 (4.8)

[123-128]

Text messages

2 (1.6)

[48,91]

Interphone

1 (0.8)

[26]

Automated vital-sign
monitor

1 (0.8)

[93]

Closed-circuit television cameras

1 (0.8)

[103]

Headset

1 (0.8)

[119]

Internet connectivitya

Modesa

a

Numbers do not add to total.

b

Number of telemedicine studies (n=108) was used to calculate percentages.

c

We were able to identify the type of technology development in 79 studies; therefore, we used this number to calculate percentages.

The type of technology development was identified in 79 studies
(Table 2). Technologies in these 79 studies were designed to
provide the respective purpose from the beginning (46/79,
58.2%), or used for other purposes rather than the purpose for
which they had been developed (45/79, 57.0%). Studies utilized
8 social media and videoconferencing platforms. The most
common platforms were Zoom (22/126, 17.5%) and WhatsApp
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(12/126, 9.5%). The target users in the studies were health care
professionals (15/126, 11.9%), health consumers (5/126, 4%),
health care professionals as well as health consumers (103/126,
81.7%), and decision makers (3/126, 2.4%). Technologies in
the studies targeted 19 groups of health conditions. The most
targeted health condition by the technologies was COVID-19
(38/126, 30.2%), followed by any physical health conditions
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(21/126, 16.7%) and mental health conditions (13/126, 10.3%).
Multimedia Appendix 5 shows characteristics of the
technologies used for COVID-19.
Technologies provided services to individuals in hospitals in
64.3% (81/126), medical clinics in 36.5% (46/126), and the
community in 5.6% (7/126) of the studies. Technologies were
web-based in 84.1% of the studies (106/126) and non–web-based
in half of the included studies. Technologies were used through
11 modes. The most common mode was mobile apps (86/126,
68.3%), followed by desktop apps (73/126, 57.9%), telephone
calls (49/126, 38.9%), and websites (45/126, 35.7%).

Discussion
Principal Findings
This review features all technologies utilized in the first efforts
to provide health care services for all kinds of clinical conditions
during the pandemic, which ideally provides a holistic
perspective of technology use during the initial stages of the
COVID-19 pandemic. Only 1 paper [98] was published in the
first 3 months of the pandemic, whereas the number of the
studies significantly increased in subsequent months. This may
be attributed to the fact that the process of developing
technologies, writing a report on its use, and publishing the
report likely require at least 3 months. Furthermore, experts
suggest that evidence-based technology adoption is critical for
designing, using, and implementing digital tools in the fight
against COVID-19 [139]. Most technologies were implemented
in the United States. This is expected given that the United
States is both the country most infected by COVID-19 [1] as
well as highly advanced in technologies.
As evident from the results, telemedicine was the most
frequently utilized technology in papers published from January
to August 2020. One of the main challenges during the first few
months of the pandemic was providing necessary health care
services while simultaneously mitigating the risk of infection
for patients and health care workers from inadequate supplies
of personal protective equipment. The majority of studies
included in this review reported the use of synchronous
telemedicine, which can improve access to specialized care
services at familiar settings (ie, homes) in a more time- and
cost-effective manner [140,141]. Similar to earlier reviews, our
results showed that telemedicine was used for COVID-19
screening, providing health care advice, and mental health
therapy [8]. The remainder of the technologies reported in the
studies involved the use of clinical decision support tools,
robotic systems, and symptom trackers. While many other
technologies were implemented during the first wave of
COVID-19 (eg, contact-tracing apps and drones [11]), our
review did not report any. This could be attributed to the fact
that (1) there are no publications on each technology
implemented during COVID-19, (2) only studies published in
English were included in this review, and (3) only academic
literature was searched.
Several social media and videoconferencing platforms were
used in the first wave. Zoom was the most commonly used; this
may be attributed to the fact that Zoom is one of the Health
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Insurance Portability and Accountability Act–compliant
teleconferencing platforms and has been integrated into
electronic health record systems in many health care settings
[31,67,87]. This review also found that most of the implemented
technologies targeted both health care providers and health
consumers. This is likely because extreme measures (eg,
lockdowns; curfews; and closures of many businesses, spaces,
and organizations) imposed to prevent the spread of COVID-19
immensely disrupted the routine delivery of health care services
to many patients—especially those with chronic
conditions—therefore, technologies were required to keep
patients and health care providers connected.
COVID-19 was the most targeted health condition by the
technologies. This can be attributed to the fact that COVID-19
was given priority over other health conditions in the first wave,
when there were extremely large numbers of daily infections,
and no treatment or vaccine was available. Mobile apps were
the most common venue used to target illness during this time
period, as well. This is reasonable given the widespread use of
mobile devices over the world [142].

Research and Practical Implications
Modern medicine relies on evidence-based practices and
interventions. Many researchers argue that digital health tools
and technologies are not exempt and should be evaluated and
validated to demonstrate their efficacy [143]. Widespread
technology adoption relies heavily upon the availability of
evidence regarding technology’s effectiveness [144]. While
there is a sense of urgency because of the COVID-19 pandemic
and its impact on every aspect of daily living, evaluation of
digital tools’ and technologies’ effectiveness remains paramount.
However, since the COVID-19 pandemic is still ongoing, there
are copious amounts of digital tools and technologies that need
to be peer-reviewed, undergo rigorous testing, and be integrated
into public health systems [11].
Many digital interventions have failed to be integrated into
national systems due to low levels of acceptance at that scale;
many digital interventions have been successful at pilot scales
only [145,146]. Therefore, it is integral to carefully evaluate
digital health tools and technologies by providing validated,
documented, and reproducible clinically meaningful evidence
[143,147]. There is a need for more peer-reviewed
evidence-based research into the effectiveness of these digital
tools and technologies.
Overall, there is emerging consensus that digital tools and
technologies play a central role in public health interventions
during public health outbreaks (eg, the COVID-19 pandemic)
by complementing and augmenting traditional or nondigital
interventions [11]. However, despite the promise of
technologies’ benefits, such as alleviating the impact of
COVID-19 (such as providing access to health care services
during lockdowns through telemedicine), solely relying on these
technologies may widen disparities and exacerbate existing
vulnerabilities of those who are unable to adopt or afford these
technologies [148]. These digital tools and technologies pose
the risk of generating informatics-based (or digital) inequalities
that disproportionately favor groups with socioeconomic
advantages [149]. Therefore, health system leaders,
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informaticians, and policy makers need to consider and act upon
underlying factors contributing to inequalities in terms of access
to resources, digital literacy, and usability [150].

of selection bias because study selection and data extraction
were conducted by 2 reviewers independently.

To ensure sustainable investments, use, and adoption in digital
tools and technologies after the COVID-19 pandemic has been
resolved, issues related to regulating and reimbursing the use
of these tools and technologies need to be addressed [151].
Additionally, it is paramount that it is not assumed that digital
tools and technologies will naturally become integrated into
routine clinical practice post–COVID-19; participatory
approaches that include all stakeholders are essential to
sustaining the use and adoption of digital tools and technologies
[152].

Although the search query consisted of 89 terms related to
technologies, it is possible that other terms related to
technologies were missed. Therefore, it is likely that several
relevant studies were not included. Because of practical
constraints, the search was restricted to English studies.
Therefore, several studies written in other languages were not
included.

Strengths and Limitations
Strengths
To the best of our knowledge, this paper is the first review to
explore all technologies implemented to provide health care
services during COVID-19. This review can be considered
comprehensive as it does not focus on specific technologies,
diseases, users, settings, or countries. Therefore, the review
provides a holistic view of the role of technologies during
COVID-19 to help decision makers, health care providers, and
health care consumers understand the potentials of technologies.
Given that we followed well-recommended guidelines in
developing, executing, and reporting this review, it can be
considered a robust and high-quality review. The search was
sensitive and precise because the most popular databases in
health and information technology were searched using a
well-developed search query.
The risk of publication bias is minimal in this review because
of the strategies that were used, such as searching grey literature
databases (ie, Google Scholar) and backward and forward
reference list checking. Furthermore, this review has a low risk

Limitations

This review focused on implemented technologies and excluded
proposed technologies, which perhaps could have been
subsequently implemented. Thus, several important technologies
were not considered in our review. Although this review shows
the potential of technologies, it cannot comment on their
effectiveness, as it is beyond the scope.

Conclusion
Technologies played a crucial role in mitigating challenges
arising from the COVID-19 pandemic, and in the first wave,
numerous technologies were used for various purposes.
However, we did not find papers on other technologies such as
contact-tracing apps, drones, blockchain, unmanned aerial
vehicles, wearable devices, and personal protective equipment
that were implemented during the first wave of the pandemic.
Furthermore, technologies reported in the studies were used for
other purposes, such as drug and vaccine discovery, social
distancing, and immunity passports. Therefore, it is
recommended that researchers conduct studies on these
technologies and purposes. Further reviews are required about
technologies implemented in subsequent waves of the
COVID-19 pandemic. There is also a need for more
peer-reviewed evidence-based research into the effectiveness
of these digital tools and technologies and users’ satisfaction.
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Abstract
Background: The COVID-19 pandemic has turned the care model of health systems around the world upside down, causing
the abrupt cancellation of face-to-face visits and redirection of the model toward telemedicine. Digital transformation boosts
information systems—the more robust they are, the easier it is to monitor the health care system in a highly complex state and
allow for more agile and reliable analysis.
Objective: The purpose of this study was to analyze diagnoses from primary care visits and distinguish between those that had
higher and lower variations, relative to the 2019 and 2020 periods (roughly before and during COVID-19), to identify clinical
profiles that may have been most impaired from the least-used diagnostic codes for visits during the pandemic.
Methods: We used a database from the Primary Care Services Information Technologies Information System of Catalonia. We
analyzed the register of visits (n=2,824,185) and their International Classification of Diseases (ICD-10) diagnostic codes
(n=3,921,974; mean 1.38 per visit), as approximations of the reasons for consultations, at 3 different grouping levels. The data
were represented by a term frequency matrix and analyzed recursively in different partitions aggregated according to date.
Results: The increase in non–face-to-face visits (+267%) did not counterbalance the decrease in face-to-face visits (–47%),
with an overall reduction in the total number of visits of 1.36%, despite the notable increase in nursing visits (10.54%). The largest
increases in 2020 were visits with diagnoses related to COVID-19 (ICD-10 codes Z20-Z29: 2.540%), along with codes related
to economic and housing problems (ICD-10 codes Z55-Z65: 44.40%). Visits with most of the other diagnostic codes decreased
in 2020 relative to those in 2019. The largest reductions were chronic pathologies such as arterial hypertension (ICD-10 codes
I10-I16: –32.73%) or diabetes (ICD-10 codes E08-E13: –21.13%), but also obesity (E65-E68: –48.58%) and bodily injuries
(ICD-10 code T14: –33.70%). Visits with mental health–related diagnostic codes decreased, but the decrease was less than the
average decrease. There was a decrease in consultations—for children, adolescents, and adults—for respiratory infections (ICD-10
codes J00-J06: –40.96%). The results show large year-on-year variations (in absolute terms, an average of 12%), which is
representative of the strong shock to the health system.
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Conclusions: The disruption in the primary care model in Catalonia has led to an explosive increase in the number of
non–face-to-face visits. There has been a reduction in the number of visits for diagnoses related to chronic pathologies, respiratory
infections, obesity, and bodily injuries. Instead, visits for diagnoses related to socioeconomic and housing problems have increased,
which emphasizes the importance of social determinants of health in the context of this pandemic. Big data analytics with routine
care data yield findings that are consistent with those derived from intuition in everyday clinical practice and can help inform
decision making by health planners in order to use the next few years to focus on the least-treated diseases during the COVID-19
pandemic.
(J Med Internet Res 2021;23(9):e29622) doi:10.2196/29622
KEYWORDS
COVID-19; primary care; diagnose variations; big data; ICD10; health system; big data; primary care; healthcare system

Introduction
The COVID-19 pandemic has turned the care model of health
systems around the world upside down, with the abrupt
cancellation of face-to-face visits, redirection of the model
toward non–face-to-face care, and then the gradual recovery of
services, first for priority population sectors and later for the
general population [1-4]. Telemedicine in primary care in

Catalonia includes provider–patient or provider–provider
communications and can take place synchronously (telephone
or video calls) or asynchronously (teleconsultations). By the
end of February 2021, all face-to-face activity had not yet
recovered, although the total number of visits was approximately
15% higher than that at the start of the pandemic (Figure 1), in
part because of the increasing use of telemedicine (mostly in
the form of telephone consultations).

Figure 1. A 7-day rolling average (with weekends and holidays not included) of primary care daily visits in Catalonia, by type, from March 2020 to
August 2021 (unpublished data, Catalan Ministry of Health).

Because of the disruptions, health systems have begun to
identify population profiles that may be most adversely affected
by changes and underdiagnosed diseases during the pandemic
[5-8]. Some patients have had to wait longer than before to
receive health care. It has been observed, for example, that
cardiac arrests outside hospital have increased, with patients
having worse prognoses [9], or that patients with heart failure
have had fewer admissions, but when admitted, heart failure
has been more severe and admission to the intensive care unit
is required more often [10]. It has also been noted that access
to telemedicine visits has not been the same for the whole
population and that, when this type of care becomes
predominant, inequalities in access to care may arise [11,12].
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According to a recent study [13], COVID-19 has resulted in
loss of years of life over 7 times greater than that in a typical
influenza season in Spain. The health emergency has precipitated
policy maker decision-making that has often been without any
existing evidence and with long delays [14], but it has also
highlighted the value of information systems and, more
generally, the role of health policy evaluation agencies [15].
Robust information systems make it easier to assess and monitor
the health system in a highly complex state and allow for agile
and reliable analysis. In this context, we explored the potential
for the use of a massive amount of primary care data from the
Catalan public health system to inform quick, granular decision
making regarding which areas have been most neglected as a
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result of the change in the care model. Specifically, we aimed
to identify which diagnoses in primary care have increased and
decreased from 2019 to 2020 (approximately before and during
the COVID-19 pandemic), in order to determine which areas
need to be strengthened in view of the gradual recovery of health
system activity.

Methods
Ethics
The study was conducted according to the guidelines of the
Declaration of Helsinki and in accordance with European
General Data Protection Regulations and the Spanish Organic
Law on Data Protection and Guarantee of Digital Rights. No
ethical approval was required; analyses were conducted only
on aggregated data.

Data
The Catalan health system provides universal coverage to 7.6
million inhabitants. Administratively, it is composed of a single
public payer and several publicly or privately owned service
providers, in an integrated system and with an important role
of community and primary health care and the use of
information technology. We used a database from the Primary
Care Services Information Technologies System of the Health
Region of Central Catalonia (Catalonia, Spain) belonging to
the Catalan Institute of Health. In this region, the Health
Information System is used by the majority (32/37, 86.48%) of
Primary Care centers, which facilitated analysis. The variable
of interest was primary care visits according to the International
Statistical Classification of Diseases tenth revision (ICD-10)
[16] diagnostic codes. These codes were used as a proxy for the
reason for the visit.
Data from primary care visits in 2020 (the period covering most
of the COVID-19 pandemic) and 2019 (the period used as a
comparator)—both face-to-face (at the primary care center or
at home) and non–face-to-face (telemedicine tools including
telephone and teleconsultations)—were analyzed. One visit
could result in several diagnostic codes and not all visits were
associated with at least one, as doing so is not mandatory in the
Catalan primary care electronic health record. Consequently,
the data set was reduced to visits in which at least one diagnosis
had been identified.
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Statistical Analysis
Diagnostic codes attributed to visits were analyzed at 3 levels
of aggregation: aggregation level 1 (21 codes, with format
“Neoplasms, C00-D49”), which corresponds to the concept of
chapters according to the reference ICD-10 dictionary [16];
aggregation level 2, which was a second, more specific grouping
(284 different codes, formatted “Malignant neoplasms of
digestive organs, C15-C26”), which corresponded to the concept
of blocks in the above-mentioned dictionary; and aggregation
level 3, which was a third grouping with even more specificity
(1532 different codes, with the format “Malignant neoplasm of
anus and anal canal, C21”).
The variety of diagnostic codes used in clinical practice
suggested that there would be a need for the use of big data
analysis techniques. Visit data were recursively analyzed in 4
different partitions, and the diagnoses were aggregated according
to date. ICD-10 groupings were represented with a term
frequency matrix [17,18], where matrix columns indicated the
absolute number of each diagnostic code.
The variation index was used to represent the relative weight
of the variation of a diagnostic code over the absolute total
interannual variation of all codes. Thus, in addition to the
frequency of use of each diagnostic code, this index takes into
account the importance of each on a linear scale to allow
visualization of the diagnoses on 2 scales (code frequency and
variation index). Data were analyzed using R (version 3.4.3; R
Foundation for Statistical Computing).

Results
There were 3,555,799 primary care visits for 376,486 citizens
(a total of 404,245 citizens are in the reference population of
this health region) in 2019 and 2020, and at least one diagnosis
was identified in 79.43% of visits (2824371/3,555,799). The
degree of coding is slightly higher in the face-to-face visits
compared to the non-face-to-face visits Regarding the effects
of the pandemic on missing data, during 2019, 18.46%
(262,460/1,421,779) of visits had no associated diagnoses, while
in 2020, missing instances reached 22.50% (315,541/1,402,406),
representing a limited impact on reported outcomes. The final
database was composed of 2,824,185 visits for 358,419 different
citizens, with 3,921,974 diagnostic visit codes (1.38 codes per
visit on average; 3.5% of visits had more than 3 associated
codes; Figure 2 and Figure 3).
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Figure 2. Aggregation level 1 cumulative frequency of the 21 most used International Statistical Classification of Diseases, tenth revision, diagnostic
codes (2019 and 2020). behav: behavioral, endoc: endocrine, malf: malformation, metabol: metabolic, nutrit: nutritional.

Figure 3. Aggregation level 2 cumulative frequency of the 21 most used International Statistical Classification of Diseases, tenth revision, diagnostic
codes (2019 and 2020). dis: disease, resp/respirat: respiratory.

The total number of visits in 2020 decreased slightly (–1.36%)
compared to those in 2019; if COVID-19–related visits are
excluded, this figure is even lower (–7.56%). The type of visit
changed markedly (Table 1). In 2019, most visits
(1,212,800/1,421,779, 85.30%) were face-to-face, while in 2020
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more than half of visits (768,548/1,402,406, 54.80%) were
telemedicine. The increase in this type of visit, therefore, has
not been able to compensate for the decrease in face-to-face
visits.
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Table 1. Evolution of visits.
Characteristic

2019

2020

Difference, %

Total patients attended

287,936

287,965

0.01

Total visits, n

1,421,779

1,402,406

–1.36

Face-to-face, n (%)

1,212,800 (85.30)

633,858 (45.20)

–47.74

Telemedicine, n (%)

208,979 (14.70)

768,548 (54.80)

267.76

General medicine, n (%)

859,153 (60.43)

822,433 (58.64)

–4.27

Nursing, n (%)

427,959 (30.10)

473,051 (33.73)

10.54

Pediatrics, n (%)

134,667 (9.47)

106,922 (7.62)

–20.60

Early childhooda, n (%)

95,098 (6.69)

76,460 (5.45)

–24.38

Childhoodb, n (%)

57,436 (4.04)

52,101 (3.72)

–10.24

Adolescencec, n (%)

55,768 (3.92)

61,693 (4.40)

9.60

Youthd, n (%)

55,943 (3.93)

69,287 (4.94)

19.26

Adulthoode, n (%)

475,366 (33.43)

514,327 (36.67)

7.58

Older adultf, n (%)

682,168 (47.98)

628,538 (44.82)

–8.53

Total diagnostic codes, n

2,079,680

1,912,342

–10.57

Diagnostic codes per visit, mean (SD)

1.46 (1.00)

1.36 (0.89)

–6.84

Male

641,602 (45.13)

627,806( 44.77)

–2.15

Female

780,074 (54.87)

774,486 (55.23)

–0.72

53.54 (26.25)

52.89 (25.72)

–1.21

Sex, n (%)

Age of visits, mean (SD)
a

Early childhood: 0 to 5 years old.

b

Childhood: infancy to 11 years old.

c

Adolescence: 12 to 18 years old.

d

Youth: 14-26 years old.

e

Adulthood: 27 to 59 years old.

f

Older adult: over 60 years old.

In relation to the specialty, the number of visits with doctors
decreased slightly (–4.27%), the number of visits with nurses
increased (10.54%), and the number of pediatric visits decreased
(–20.60%). Despite this decrease, the mean age of patients
decreased by approximately 1 year (from 53.54 in 2019 to 52.89
years in 2020). There was a variation in visits according to age
groups: there was a decrease in visits for patients in early
childhood and infancy (from 0 to 5 years old), an increase in
patients in adolescence (12 to 18 years old) to adulthood (27 to
59 years old), and a decrease in older adult patients. The
proportion of visits made by women was 55.04%
(1,554,560/2,824,185); the magnitude remained fairly unchanged
between 2019 and 2020.
The cumulative frequency of the 21 most used diagnostic codes
for the 2 first levels of grouping were analyzed (Figure 3). In
the case of aggregation level 1, the 5 code groupings comprised
more than half of the total number of codes (Factors influencing
health status and contact with health services; Endocrine,
nutritional, and metabolic diseases; Diseases of the circulatory
system; Diseases of the musculoskeletal system and connective
tissue; Signs, symptoms, and abnormal test results not classified
https://www.jmir.org/2021/9/e29622
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elsewhere). For aggregation level 2, the 5 most-used codes
comprised approximately one-quarter of the total (Hypertensive
diseases; Diabetes mellitus; Other back disorders; Persons with
potential health risks related to personal and family history and
certain conditions influencing health status; Persons with
potential health risks related to communicable diseases).
For aggregation level 1, large interannual variations were
observed (Table 2), especially for diagnostic codes related to
factors influencing health status and contact with health services
(ICD-10 codes Z00-Z99), codes that were initially used for
diagnoses related to COVID-19, and the diagnosis of certain
infectious and parasitic diseases, which nearly doubled in 2020.
The rest of the codes decreased in 2020 compared to 2019;
however, those related to mental health decreased less than the
rest (ICD-10 codes F01-F99: –3.39%). Diagnostic codes related
to injuries were reduced by almost one-quarter (ICD-10 codes
S00-T88: –26.85%), possibly due to a drastic reduction in
accidents resulting from people engaging in less activity during
confinement. The variation index shows the weight of each of
these variations on overall disruption (Table 3).
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Table 2. Use of International Statistical Classification of Diseases, tenth revision, diagnostic codes (aggregation level 1).
Diagnostic code

Total, n (%)

2019, n (%)

Factors influencing health status and contact with health services 483,368 (12.32) 186,604 (9.06)
(Z00-Z99)

2020, n (%)

Interannual
variation, %

296,764 (15.93) 59.03

Variation
index
0.22

Endocrine, nutritional, and metabolic diseases (E00-E89)

464,009 (11.83) 261,076 (12.68) 202,933 (10.90) –22.27

0.11

Diseases of the circulatory system (I00-I99)

440,256 (11.23) 252,555 (12.26) 187,701 (10.08) –25.68

0.13

Diseases of the musculoskeletal system and connective tissue
(M00-M99)

405,813 (10.35) 224,901 (10.92) 180,912 (9.71)

–19.56

0.09

Signs, symptoms, and abnormal test results not elsewhere classi- 385,121 (9.82)
fied (R00-R99)

200,711 (9.75)

184,410 (9.90)

–8.12

0.03

Diseases of the respiratory system (J00-J99)

297,074 (7.57)

176,405 (8.57)

120,669 (6.48)

–31.60

0.11

Mental, behavioral, and neurodevelopmental disorders (F01-F99) 214,709 (5.47)

109,203 (5.30)

105,506 (5.66)

–3.39

0.01

Diseases of the genitourinary system (N00-N99)

182,642 (4.66)

96,692 (4.70)

85,950 (4.61)

–11.11

0.02

Injuries, poisonings, and other consequences of external causes
(S00-T88)

182,045 (4.64)

105,135 (5.11)

76,910 (4.13)

–26.85

0.06

Diseases of the skin and subcutaneous tissue (L00-L99)

164,759 (4.20)

89,119 (4.33)

75,640 (4.06)

–15.12

0.03

Certain infectious and parasitic diseases (A00-B99)

151,999 (3.88)

52,220 (2.54)

99,779 (5.36)

91.07

0.09

Diseases of the digestive system (K00-K95)

143,793 (3.67)

78,968 (3.83)

64,825 (3.48)

–17.91

0.03

Neoplasms (C00-D49)

102,910 (2.62)

55,201 (2.68)

47,709 (2.56)

–13.57

0.01

Diseases of the ear and mastoid process (H60-H95)

81,495 (2.08)

47,699 (2.32)

33,796 (1.81)

–29.15

0.03

Diseases of the nervous system (G00-G99)

72,150 (1.84)

38,057 (1.85)

34,093 (1.83)

–10.42

0.01

Diseases of the eye and adnexa (H00-H59)

61,810 (1.58)

36,837 (1.79)

24,973 (1.34)

–32.21

0.02

Diseases of the blood and blood-forming organs and disorders
affecting the immune mechanism (D50-D89)

45,551 (1.16)

25,305 (1.23)

20,246 (1.09)

–19.99

0.01

External causes of morbidity (V00-Y99)

23,659 (0.60)

12,481 (0.61)

11,178 (0.60)

–10.44

0.00

Congenital malformations. congenital deformities, and congenital 10,034 (0.26)
chromosomal anomalies (Q00-Q99)

5493 (0.27)

4541 (0.24)

–17.33

0.00

Pregnancy. childbirth, and puerperium (O00-O9A)

3788 (0.18)

3235 (0.17)

–14.60

0.00

991 (0.05)

763 (0.04)

–23.01

0.00

7023 (0.18)

Certain conditions originating in the perinatal period (P00-P96) 1754 (0.04)
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Table 3. Top 10 International Statistical Classification of Diseases, tenth revision, diagnostic codes according to the variation index.
Diagnostic code

Variation index

Aggregation level 2
Persons with potential health risks related to communicable diseases (Z20-Z29)

0.20

Other viral diseases (B25-B34)

0.10

Hypertensive diseases (I10-I16)

0.09

Acute upper respiratory infections (J00-J06)

0.05

Diabetes mellitus (E08-E13)

0.04

Metabolic disorders (E70-E88)

0.03

Injury to unspecified body region (T14)

0.03

Other acute lower respiratory tract infections (J20-J22)

0.03

Other soft tissue disorders (M70-M79)

0.03

Other back disorders (M50-M54)

0.02

Aggregation level 3
Contact and exposure (suspected): communicable diseases (Z20)

0.17

Viral infection of unspecified location (B34)

0.08

Essential (primary) hypertension (I10)

0.07

COVID (U07)

0.05

Diabetes mellitus type 2 (E11)

0.03

Injury to unspecified body region (T14)

0.03

Disorders of lipoprotein metabolism and other hyperlipidemias (E78)

0.02

Acute rhinopharyngitis (J00)

0.02

Dorsalgia (M54)

0.02

Overweight and obesity (E66)

0.02

The number of diagnostic codes decreased slightly (Figure 4),
and those for telemedicine and face-to-face visits increased and
decreased, respectively. Aggregation level 2 analysis shows
that the diagnostic codes with the largest increase in 2020 were
those related to COVID-19 (ICD-10 codes Z20-Z29: 2.540%),
along with codes related to economic and housing problems
(ICD-10 codes Z55-Z65: 44.40%). Visits with most of the other
diagnostic codes decreased in 2020 relative to those in 2019.
Visits for chronic pathologies such as arterial hypertension
(ICD-10 codes I10-I16: –32.73%) or diabetes ( ICD-10 codes
E08-E13: –21.13%), but also those for obesity (ICD-10 codes
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E65-E68: –48.58%) and bodily injuries (T14: –33.70%) were
reduced. The results show year-on-year variations (in absolute
terms, an average of 12%).
The frequencies of diagnoses (listed according to the highest
variation index) in face-to-face and non–face-to-face visits were
systematically negative (Table 4) and positive (Table 5),
respectively. It should also be noted that none of the face-to-face
visit code groups were offset by those of the non–face-to-face
group (ie, the largest reductions in the former were not offset
by the largest increases in the latter).
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Figure 4. Primary care consultations before (in 2019) vs during (in 2020) COVID-19 (absolute frequency, log scale) according to International Statistical
Classification of Diseases, tenth revision, codes. Each point corresponds to an International Statistical Classification of Diseases, tenth revision,
diagnostic code. The 45° line indicates the identical frequency of diagnostic code use between periods; points above indicate the set of diagnostic codes
that have been visited relatively more in 2020 and vice versa. The color of the dot indicates the value of the variation index (the higher, the more
important the year-on-year variation).

Table 4. Top 5 in variation index of diagnostic use in face-to-face visits (aggregation level 2).
ICD-10a diagnostic code

Total, n (%)

2019, n (%)

2020, n (%)

Interannual
variation, %

Variation
index

Diseases of the blood and blood-forming organs and disorders
of the immune mechanism (D50-D89)

27,197 (1.03)

19,912 (1.12)

7285 (0.83)

–63.41

0.14

Mental, behavioral, and neurodevelopmental disorders (F01-F99) 128,611 (4.85)

89,415 (5.05)

39,196 (4.47)

–56.16

0.13

Diseases of the ear and mastoid process (H60-H95)

68,215 (2.57)

45,515 (2.57)

22,700 (2.59)

–50.13

0.13

Diseases of the digestive system (K00-K95)

96,028 (3.62)

67,589 (3.81)

28,439 (3.24)

–57.92

0.11

4668 (0.26)

2439 (0.28)

–47.75

0.10

Congenital malformations, congenital deformities, and congenital 7107 (0.27)
chromosomal anomalies (Q00-Q99)
a

ICD-10: International Statistical Classification of Diseases, tenth revision
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Table 5. Top 5 in variation index of diagnostic use in non–face-to-face visits (aggregation level 1).
ICD-10a diagnostic code

a

Total, n (%)

2019, n (%)

2020, n (%)

Interannual
variation, %

Variation
index

Factors influencing health status and contact with health services 199,464 (15.68) 32,146 (11.20)
(Z00-Z99)

167,318 (16.99) 420.49

0.19

Signs, symptoms, and abnormal test results not elsewhere classi- 128,214 (10.08) 27,092 (9.44)
fied (R00-R99)

101,122 (10.27) 273.25

0.11

Diseases of the musculoskeletal system and connective tissue
(M00-M99)

127,293 (10.01) 27,328 (9.52)

99,965 (10.15)

265.80

0.10

Endocrine, nutritional, and metabolic diseases (E00-E89)

157,663 (12.40) 44,155 (15.38)

113,508 (11.53) 157.07

0.10

Certain infectious and parasitic diseases (A00-B99)

71,620 (5.63)

167,318 (16.99) 1333.62

0.09

4670 (1.63)

ICD-10: International Statistical Classification of Diseases, tenth revision

Finally, for children, adolescents, and adults, there were
decreases in consultations for respiratory infections; ear, nose
and throat pathologies; and skin problems. In adults and older
adults, there were overall decreases in visits for chronic
pathologies, especially those for arterial hypertension and
diabetes. Decreases in visits for some pathologies were
counterbalanced by an increase in telemedicine visits—among
adults, for back disorders, soft tissue disorders, upper respiratory
tract infections, and anxiety, and among older adults, different
types of neoplasms. By sex, no differences were observed in
the frequency of diagnoses (Multimedia Appendices 1-3).

Discussion
Principal Findings
We analyzed the differences in distinctive characteristics of
care before and after the outbreak of the COVID-19 pandemic
in the context of primary care in Catalonia. As expected, the
increase in the frequency of visits with diagnostic codes related
to contact with or suspected exposure to SARS-CoV-2 stands
out, but those related to housing, employment and psychosocial
factors (ICD-10 codes Z55-Z65) are also noteworthy. On the
eve of a foreseeable economic crisis, this fact underlines the
importance of social determinants of health and population
health management when planning reconstruction policy for
the period after the pandemic, as it is well known that vulnerable
population groups were the worst affected by the economic
crisis [19]. The change in the pattern of visits is also visible in
2 other aspects. First, the number of visits in the nursing service
increased (10.54%), while those in general medicine visits
decreased (–4.27%). Second, the increasing use of
non–face-to-face care tools since the start of the pandemic has
served a wider and more representative cross-section of the
population (traditionally underrepresented groups, including
low-income individuals and patients residing in the poorest
areas of the country, ie, rural areas) [12]. For this reason, since
the outbreak of COVID-19, and due to the role of primary care
in the management of sick leave, there seems to have been a
reduction in the clinical complexity of patients seen, while
patients with socioeconomic problems (eg, unemployment)
have increased. Visits associated with diagnostic codes for
chronic pathologies (mainly endocrine and cardiovascular
diseases) have been the most affected, with a decrease in

https://www.jmir.org/2021/9/e29622

XSL• FO
RenderX

frequency that has not been counterbalanced by the increase in
telemedicine.
Opportunities abound for quantifying the impact of the
pandemic, in addition to analyses presented herein, on service
delivery and citizens’ health in order to anticipate and plan for
changes in demand for health services in the coming months or
years. It would be necessary to study whether, due to the lack
of testing (eg, routine analysis), prescriptions performed by
clinicians have been more pharmacological; which visits that
were previously made in person are now conducted using
telemedicine; to what extent the reduced intensity of care for
chronic disease management has affected the health of citizens
[6]; and whether mental health (note that the amount of this
type of visit have been reduced less than the rest) will be the
next pandemic [20] in order to reprioritize a care model in
Catalonia which, in the opinion of the authors, was already
suffering a lot of health care pressure before COVID-19.
Despite the crisis caused by the pandemic, the changes that have
been made to address the crisis may improve future health
systems. Big data analysis tools allow exhaustive, systematic,
agile evaluation. Given the preeminence and role of primary
care as the gateway to the public health system in Catalonia,
the information derived from primary care information registers
is very appropriate for monitoring variations in the provision
of health services. This is demonstrated by the fact that the
results of this study quantify reductions in the intensity of some
types of visits that are consistent with our expectations. Future
avenues of research are the sensitivity of information system
records in predicting the severity of the situation.

Limitations
It is worth mentioning that the 2 samples that were compared
were not perfectly symmetric, insofar as the start of the
COVID-19 outbreak did not coincide exactly with end and
beginning of calendar years. Thus, 2020 data reflect, in part,
some weeks or months of normal health care, showing some
bias in favor of non–COVID-19 visits. In addition, we used
ICD-10 diagnostic codes as a proxy for the reason for visits;
though it is a useful variable due to its systematic collection, it
is not perfect. Moreover, while it is true that in hospitals there
is a fairly exhaustive control in the coding of these variables
due to the implications for billing, this is not the case in primary
care, so these data may be less well coded. The circumstances
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caused by the pandemic may also have affected the overall
quality of the data (eg, due to newly established teleworking
tools among health professionals).

Conclusions
The disruption in the primary care model in Catalonia has led
to an explosive increase in the number of non–face-to-face
visits. There has been a reduction in the number of visits for
diagnoses related to chronic pathologies, obesity, bodily injuries,
and respiratory infections, possibly as an indirect effect of
COVID-19 prevention measures. Instead, diagnostic visits for
socioeconomic and housing problems have increased, which

Lopez Segui et al
emphasizes the importance of social determinants of health in
a pandemic context.
Big data analysis can help to inform health planners in their
decision making to focus on the least treated diseases during
the pandemic. The availability of information enables
comprehensive and reliable monitoring of the health system to
be undertaken. In extraordinary situations, such as those created
by the COVID-19 pandemic, and in view of the necessary
emergency plan that will have to be carried out to compensate
for the onslaught of clinical activity caused by COVID-19, big
data analysis is even more relevant.
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Abstract
Background: Digital contact tracing is employed to monitor and manage the spread of COVID-19. However, to be effective
the system must be adopted by a substantial proportion of the population. Studies of mostly hypothetical contact tracing apps
show generally high acceptance, but little is known about the drivers and barriers to adoption of deployed systems.
Objective: The aim of this study was to investigate adoption of and attitudes toward the NHS (National Health Service)
COVID-19 smartphone app, the digital contact tracing solution in the United Kingdom.
Methods: An online survey based on the extended Technology Acceptance Model with the added factor of trust was carried
out with a representative sample of the UK population. Statistical analysis showed adoption rates, attitudes toward and trust in
the app, and compliance with self-isolation advice and highlighted differences for vulnerable populations (ie, older adults aged
65 years and over and members of Black, Asian, and minority ethnic [BAME] communities).
Results: A total of 1001 participants took part in the study. Around half of the participants who had heard of the NHS COVID-19
mobile phone app (490/963, 50.9%; 95% CI 47.8%-54.0%) had downloaded and kept the app, but more than one-third (345/963,
35.8%; 95% CI 32.8%-38.8%) either did not intend to download it or had deleted it. Significantly more BAME respondents than
White respondents had deleted the app (16/115, 13.9%; 95% CI 11.8%-16.0%, vs 65/876, 7.4%; 95% CI 5.8%-9.0%), and
significantly more older adults 65 years and over than those under 65 years did not intend to download it (44/127, 34.6%; 95%
CI 31.7%-37.5%, vs 220/874, 25.2%; 95% CI 22.5%-27.9%). Broadly, one of the reasons for uptake was to help the NHS and
other people, especially among older adults, although significantly fewer BAME participants agreed that they did so to help the
NHS. Reported compliance with received notifications to self-isolate was high but was significantly lower than reported intended
compliance without received notifications. Only one-fifth (136/699, 19.5%; 95% CI 17.0%-22.0%) of participants understood
that the decision to send self-isolation notifications was automated by the app. There were a range of significantly more negative
views among BAME participants, including lower trust in the NHS, while older adults were often significantly more positive.
Respondents without the app reported significantly lower trust and more negative views toward the app and were less likely to
report that they understood how the app works.
Conclusions: While compliance on the part of the approximately 50% of participants who had the app was fairly high, there
were issues surrounding trust and understanding that hindered adoption and, therefore, the effectiveness of digital contact tracing,
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particularly among BAME communities. This study highlights that more needs to be done to improve adoption among groups
who are more vulnerable to the effects of the virus in order to enhance uptake and acceptance of contact tracing apps.
(J Med Internet Res 2021;23(9):e29085) doi:10.2196/29085
KEYWORDS
trust; technology adoption; COVID-19; digital contact tracing; coronavirus; vulnerable populations; attitudes; SARS-CoV-2;
digital proximity tracing; compliance

Introduction

the main barriers for adoption of a hypothetical contact tracing
app [4].

Digital contact tracing solutions are employed to monitor and
manage the spread of disease during pandemics [1]. Public
acceptance of app-based contact tracing in the United Kingdom,
the European Union, and the United States is high [2-4];
however, to make a difference they must be adopted by a
substantial proportion of the population [5,6]. Engaging users
in the development, implementation, and evaluation of contact
tracing can help maximize engagement and technology
acceptance, according to the Responsible Research and
Innovation (RRI) framework [7,8]. Therefore, this paper reports
on research to understand the drivers and barriers to adoption
of a COVID-19 contact tracing app in the United Kingdom to
help increase the effectiveness of such systems and inform future
design.

Security and privacy have also been shown to be important. In
the Netherlands, a study designed to determine the potential
uptake of a contact tracing app in the Dutch population showed
an adoption rate as high as 64% for apps that had a higher
number of security and privacy-respecting features [13]. In
Ireland, there was shown to be a high level of willingness to
download a public health–backed app to augment contact
tracing, with 54% of respondents definitely willing to download
an app and 30% who would consider downloading it [14]. The
most common reason to download the app was linked to social
altruism: helping family and friends and a sense of responsibility
to the wider community. The most common reason not to
download the app was linked to issues of trust, privacy and data
security, and fear that technology companies or the government
might use the app technology for greater surveillance after the
pandemic. Another study across five countries—France,
Germany, Italy, the United Kingdom, and the United
States—found that there was strong support for an app, whether
it was subject to voluntary or automatic installation, but the
study identified concerns once more about cybersecurity and
privacy [4]. In Australia, 37.3% of participants in a study of
1500 citizens had downloaded the COVIDSafe app, and 27.7%
refused to do so [15]. Reasons for not downloading the app
included privacy and technical concerns, the belief that that app
was unnecessary due to social distancing, distrust in the
government, and apathy. This study also highlighted the
importance of public health messages for increasing the
acceptability of apps and their correct use, while also addressing
concerns around privacy, data storage, and technical ability
needed to operate the app; it also emphasized the importance
of identifying and understanding specific barriers to the use of
contact tracing apps to improve their design.

An earlier study of hypothetical digital contact tracing in the
United Kingdom suggested that people would adopt it to protect
family, friends, and the community as well as to stop the
pandemic, while potential barriers were reported risks of
postpandemic surveillance, increasing anxiety, and fear of
hacking [2,4]. In a study by Velicia-Martin et al, the Technology
Acceptance Model (TAM) was used to show that the intention
to use a contact tracing app was determined by how useful it
was perceived to be; the study also showed that concern about
privacy would be overridden by concerns about health [9].
Similarly, a study in Germany looked at the difference between
the perceived utility of a contact tracing app and a data donation
app. Motivations for using and accepting a contact tracing app
were higher, and the data donation app was perceived as having
less utility for the user [10]. However, there may also be wider
social implications, such as having no choice but to download
the app for work or venue check-ins, and real-world uptake
might differ from usage within a trial.
Trust may also significantly impact the adoption of contact
tracing apps, [11]; for example, a study conducted in Switzerland
suggested that higher levels of trust in government and health
authorities may also lead to increased uptake [12]—perceived
effectiveness of a contact tracing app and the overall app user
experience depended on the app being embedded within the
health system. In the UK context, this may mean that trust or
confidence in the National Health Service (NHS) might
influence people’s attitudes toward and usage of the app. In
Germany, it was also shown that general trust in official app
providers as well as social trust played important roles,
highlighting the importance of both data-securing issues and
interpersonal solidarity [10]. A study across five
countries—France, Germany, Italy, the United Kingdom, and
the United States—also found that a lack of trust was one of
https://www.jmir.org/2021/9/e29085
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Data suggest that specific groups of the population are more at
risk of dying of COVID-19, including older adults [16-18] as
well as those in Black, Asian, and minority ethnic (BAME)
communities [19,20]. The main challenge among the Dutch
population was to increase the uptake among older adults, who
were least inclined to install and use a COVID-19 contact tracing
app [13]. In line with this, in Germany, age was negatively
associated with the motivation for using a data donation app
[10]. The risk for BAME communities, in particular, has been
linked to socioeconomic factors [21,22]. Furthermore, recent
studies have shown increased COVID-19 vaccine hesitancy in
certain BAME communities [23-25]; however, little is known
about whether hesitancy also extends to attitudes toward digital
contact tracing.

J Med Internet Res 2021 | vol. 23 | iss. 9 | e29085 | p.1643
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
At the time the study reported in this paper closed on December
21, 2020, 2,183,506 people in the United Kingdom had tested
positive for COVID-19, approximately 3.2% of the population
[26]. The UK government released the NHS COVID-19 app on
September 24, 2020. The app is entirely automated and
decentralized, and it relies on Bluetooth proximity as well as
self-reporting of symptoms and test results [27,28]. The app
has been downloaded more than 21 million times, suggesting
a 56% uptake among the population aged 16 years and older
who own a smartphone [29,30]. A recent study also showed
that the app has been effective in reducing the number of
positive cases of COVID-19 in the United Kingdom; 1.7 million
users were contact-traced by the app, with an estimated
reduction in cases during the second wave of COVID-19 by
one-quarter. However, only 28% of people had actively used
the app in the period leading up to this study [31]. Little is
known about the views driving or hindering adoption of the
app; our research addresses this gap. The study surveys public
trust in and adoption of digital contact tracing in the United
Kingdom, in terms of reported reasons, compliance, and
understanding of the app, especially highlighting significant
differences for vulnerable groups.

Methods
Recruitment

Dowthwaite et al
was carried out by Ipsos MORI via email to a nationally
representative sample, based on age, gender, and region, drawn
from a randomly selected pool of participants who met the
relevant criteria. There was also a 10% to 15% quota for BAME
respondents, with the same process applied to ensure hitting the
minimum required quota. As fieldwork progressed, they
specifically targeted any quota groups that were still required
to meet the final profile that was needed, again randomly
selecting within those groups. Participants were incentivized
for survey participation through monetary compensation paid
into their panel account. As a market research agency, Ipsos
MORI operates under the Market Research Society code of
conduct and is General Data Protection Regulation compliant,
so participants’ privacy was guaranteed. Data were only received
via their survey platform in an anonymized form, so no
personally identifiable information on the participants was
received. A total of 2575 invitations to take part in the study
were sent out.
A representative sample of 1001 members of the UK population
aged 16 to 75 years took part, weighted to the known offline
proportions for age within gender, region, working status, and
ethnicity. Participants were asked a series of demographic
questions, the full details of which are provided in Table S1 in
Multimedia Appendix 1. A summary of the main self-reported
characteristics is provided in Table 1.

Ethical approval was granted for the study by the Research
Ethics Committee of the authors’ institution. The recruitment
Table 1. Summary characteristics of participants.
Characteristic

Participants (N=1001), n (%)

Age (years)
Under 65

874 (87.3)

65 and over

127 (12.7)

Gender
Male

501 (50.0)

Female

500 (50.0)

Employment status
Working

666 (66.5)

Not working

335 (33.5)

Education
Up to General Certificate of Secondary Education (GSCE)

307 (30.7)

Post-GSCE

694 (69.3)

Ethnicity
White

876 (87.5)

Black, Asian, and minority ethnic

115 (11.5)

Not stated

10 (1.0)

Country of residence
England

847 (84.6)

Wales

48 (4.8)

Scotland

85 (8.5)

Northern Ireland

21 (2.1)
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Materials and Procedure
An online survey was carried out between December 11 and
21, 2020, when the United Kingdom was between “lockdown
2” and “lockdown 3” and subject to a regional tier system.
Questionnaire development was carried out in several stages.
First, in the summer of 2020, a series of interviews were carried
out with members of the public with regard to their opinions
of, and intention to use, the United Kingdom’s test and trace
app when it would be released (paper forthcoming). From these
interviews, a series of themes were identified, which led to the
survey being based on the extended TAM (TAM2) [32]. The
TAM2 identifies several key factors in the adoption of new
technology and has been applied to explore acceptance of
various technologies, including hypothetical COVID-19 tracing
apps [9]. The conceptual model is extended with “trust” as a
factor for acceptance, as it may significantly impact the adoption
of contact tracing apps [11]. A list of pertinent questions was
developed among the author team; the questions were tested

Dowthwaite et al
and refined involving experts in questionnaire development
from Ipsos MORI. Figure 1 illustrates how these questions relate
to and extend the TAM2 framework.
Recruitment and data collection were carried out by Ipsos
MORI, who also carried out piloting of the questionnaire. The
questionnaire had an initial data review on Day 1 with 61
respondents; it was thoroughly checked to make sure that all
data were being collected correctly (eg, checking routing and
displaying of correct answer options) and was checked for
anomalies and understanding. The data were reviewed again
when 213 respondents had completed it to ensure data quality.
Participants were provided with information and privacy notices
and gave informed consent to take part. All questions were
closed-ended, either multiple choice or rated on Likert or
Likert-like scales from 1 (“strongly disagree” or “not at all”) to
5 (“strongly agree” or “entirely”), except for a single open-ended
question that was included for further comments; participants
were routed to appropriate questions based on previous answers.

Figure 1. The extended Technology Acceptance Model (TAM2) and its relation to the this questionnaire study. Items in bold in white boxes are existing
factors in the TAM2 [8], followed by examples, as bullet points, from the questionnaire. Trust was added as an additional factor (peach box) affecting
intention to use and includes examples from the questionnaire.

Figure 2 shows the survey flow and resulting major
subpopulations that were used for branching. Section 1 of the
survey asked participants to indicate what knowledge and
experiences they had of COVID-19 and the NHS Test and Trace
app; for example, if they had been asked to self-isolate and the
extent to which they complied, whether they had downloaded
the app, and if not, why not. Section 2 focused on those with
the app and collected reasons for downloading and experiences
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of using the app. Section 3 asked about app functionality and
the technology involved, including whether the app was useful,
easy to use, or beneficial; understanding of how it worked; and
the importance of features such as opting in and out of contact
tracing. Section 4 asked about levels of trust in distinct aspects
of the app, including responsibility, security, reliability,
functionality, data use, and stakeholders and wider society.
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Figure 2. Illustration of major sections of the survey and subgroups identified for branching. NHS: National Health Service.

Statistical Analysis
Responses were analyzed using SPSS software (version 26;
IBM Corp) and Excel (Microsoft 365). Summary statistics (ie,
mean, median, SD, and IQR) or frequencies were extracted for
all questions. Confidence intervals for proportions are given at
the 95% level. Most questions were significantly nonnormal as
shown by skewness and kurtosis, so nonparametric tests are
appropriate. In the text, we report the sample mean, given with
statistical test results, and the median response on a Likert-like
scale. All inferential statistical analysis was carried out with
P<.05 as the threshold for statistical significance. Missing data
were reported as “no response” and were included in frequency
calculations; missing data for inferential statistical analysis and
the calculation of means were excluded.
Subgroup analyses using independent-samples Mann-Whitney
U or chi-square tests were used to compare those who had been
told to self-isolate with those who had not, White participants
with BAME participants, and participants under 65 years with
https://www.jmir.org/2021/9/e29085
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participants 65 years and over. Independent-samples
Kruskal-Wallis tests were used to compare those who had the
app, did not have the app, had deleted the app, or intended to
download the app but had not yet done so. Post hoc tests were
carried out to identify which groups had significant differences
between them, with Bonferroni corrections to account for
multiple testing. Due to use of the nonparametric versions of
inferential statistics, and because the weighted values for the
data all rounded to 1, weighting was not used. However,
exploratory analysis revealed no difference in significance when
using the parametric versions of tests.

Results
Adoption of the Test and Trace App
A total of 1001 participants took part in the study. Most
participants (n=963, 96.2%; 95% CI 95.0%-97.4%) had heard
of the NHS COVID-19 mobile phone app, of which 50.9%
(490/963; 95% CI 47.8%-54.0%) had downloaded the app and
still had it on their phone. A further 13.3% (128/963; 95% CI
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11.2%-15.4%) had not yet downloaded it but intended to, 27.4%
(264/963; 95% CI 24.6%-30.2%) did not intend to download
it, and 8.4% (81/963; 95% CI 6.7%-10.1%) had downloaded it
but since deleted it.
Among the 27.4% (264/963) of participants who did not intend
to download the app, the most common reasons were a desire
not to be tracked, not thinking it would be effective, not wanting
to take part in contact tracing in that way, and lack of trust in
those who built the app (Table 2). Of the 8.4% (81/963) who
had decided to delete the app, this was mostly because they did
not think it was effective or did not want to be tracked. Reasons
given by the 13.3% (128/963) of participants who intended to
download the app were mostly to help the NHS or to help protect
their friends and family or themselves, as well as to reduce the

spread of the virus and to help protect broader society (Table
3).
Of the 50.9% (490/963) of participants who had downloaded
the app, 92.0% (451/490; 95% CI 90.3%-93.7%) had opened
the app and had a look around, 66.7% (327/490; 95% CI
63.8%-69.6%) had used it for a venue check-in, 58.4% (286/490;
95% CI 55.3%-61.5%) had made use of the “check symptoms”
section, 71.2% (349/490; 95% CI 68.4%-74.0%) had contact
tracing always switched on, 20.4% (100/490; 95% CI
17.9%-22.9%) sometimes had contact tracing switched on, 1.8%
(9/490; 95% CI 1.0%-2.6%) never turned contact tracing on,
and 6.5% (32/490; 95% CI 5.0%-8.0%) did not know if contact
tracing was enabled or not. The strongest reasons given for
downloading the app were helping the NHS and protecting
friends and family (Table 3).

Table 2. Reasons for not having the NHS Test and Trace app for those who do not intend to download it and those who downloaded but deleted the
app.
Reasons for not having the appa

a

Participants who do not intend to download
the app (n=264)

Participants who downloaded but
deleted the app (n=81)

n (%)

95% CI

n (%)

95% CI

I don’t want to be tracked

105 (39.8)

36.8-42.8

22 (27.2)

24.4-30.0

I don’t think it will be effective

80 (30.3)

27.5-33.1

28 (34.6)

31.7-37.5

I choose/chose not to take part in contact tracing in this way

78 (29.5)

26.7-32.3

12 (14.8)

12.6-17.0

I don’t trust the people who built the app

72 (27.3)

24.5-30.1

14 (17.3)

15.0-19.6

The app doesn’t/didn’t work on my mobile phone

28 (10.6)

8.7-12.5

14 (17.3)

15.0-19.6

I don’t have a smartphone

27 (10.2)

8.3-12.1

N/Ab

N/A

I don’t want to be told to self-isolate

16 (6.1)

4.9-7.6

9 (11.1)

9.2-13.0

None of the above

25 (9.5)

7.7-11.3

7 (8.6)

6.9-10.3

I wouldn’t/didn’t know how to use it

12 (4.5)

3.2-5.8

12 (14.8)

12.6-17.0

Don’t know

1 (0.1)

0-0.3

0 (0)

—c

Multiple answers were allowed.

b

N/A: not applicable, because participants do not have a smartphone, which is needed to download the app.

c

The 95% CI value could not be calculated since there were no participants.
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Table 3. Reasons for intention to download and for downloading the NHS COVID-19 app.

a

Reasons for intention to download and for

Participants who intended to download The extent to which each reason was a motiva-

downloading the app

the appa (n=128)

tion for downloading the appb (n=490)

n (%)

95% CI

Mean (SD)

Median (IQR)

To help the National Health Service

84 (65.6)

62.7-68.5

4.42 (0.753)

5 (1)

To help protect my friends and family

80 (62.5)

59.5-65.5

4.36 (0.792)

5 (1)

To help protect myself

70 (54.7)

51.6-57.8

4.27 (0.883)

4 (1)

Because it will reduce the spread of the virus

55 (43.0)

39.9-46.1

4.11 (0.966)

4 (1)

To help protect broader society

46 (35.9)

32.9-46.1

4.2 (0.897)

4 (1)

Because I need it to check into venues

24 (18.8)

16.4-21.2

3.54 (1.179)

4 (1)

Because the government told me to

15 (11.7)

9.7-13.7

3.46 (1.177)

4 (1)

Because everyone else is

12 (9.4)

7.6-11.2

3.14 (1.177)

3 (2)

Because it is a requirement for my job

7 (5.5)

4.1-6.9

2.53 (1.361)

2 (3)

None of the above

2 (1.6)

0.8-2.4

N/Ac

N/A

Participants who intended to download the app were asked to select all reasons that applied.

b

Participants who had the app were asked to what extent each reason was a motivation for downloading the app; responses were rated on a 5-point
Likert scale from 1 (“strongly disagree”) to 5 (“strongly agree”).
c

N/A: not applicable; this entry was not rated.

Compliance With Official Advice and Self-isolation
Out of 1001 participants, nearly half (n=434, 43.4%; 95% CI
40.3%-46.5%) had at least one of the following experiences:
4.0% (n=40; 95% CI 2.8%-5.2%) had tested positive for
COVID-19, 14.1% (n=141; 95% CI 11.9%-16.3%) had a
member of their household test positive, 27.9% (n=279; 95%
CI 25.1%-30.7%) had another person close to them test positive,
and 8.5% (n=85; 95% CI 6.8%-10.2%) had been asked to
self-isolate in any form, whether via app or other means.
Participants who had been affected or asked to self-isolate, or

who had a member of their household who had (207/1001,
20.7%), were asked to indicate how much they had complied
with any official advice they received, regardless of whether it
was through the app or another source; the average response
across all four experiences was “very much” (mean 3.88, SD
1.292). However, 10.6% (22/207; 95% CI 7.9%-11.5%) stated
they did not receive any official advice at all, most often when
a nonfamily member of their household had tested positive
(12/87, 14%; 95% CI 11.7%-15.9%) (Figure 3). Note that this
implies that some participants, therefore, did not consider being
asked to self-isolate as “official advice.”

Figure 3. Compliance with official advice, dependent on the circumstances. Participants were asked "To what extent, if at all, did you follow any advice
given to you?".
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Of the 47.3% (473/1001) of participants who did not currently
have the app, most stated they would either very much or
entirely follow advice to self-isolate if they received a call
(352/473, 74.4%; 95% CI 71.7%-77.1%). Of participants with
the app (490/963, 50.9%), 13.5% (66/490; 95% CI
11.4%-15.6%) had been notified to self-isolate, and 45% (30/66;
95% CI 42.4%-48.6%) of those said that they had entirely
followed the recommendation. However, of the 85.3% (418/490;
95% CI 83.1%-87.5%) who stated that they had not been
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notified by the app to self-isolate, 70.6% (295/418; 95% CI
73.4%-78.6%) said they would entirely follow a
recommendation from the app if they received one (Figure 4).
An independent-samples Mann-Whitney U test comparing those
who had received advice to self-isolate from the app (66/490,
13.5%) to those who had not (418/490, 85.3%) shows that
reported intention to comply with advice is significantly stronger
than reported actual compliance (meanintention 4.59, SD 0.738;
meanactual 4.06, SD 1.094; U=17673.0; P<.001).

Figure 4. Compliance and intention to comply with app notifications to self-isolate. An independent-samples Mann-Whitney U test comparing those
who had received advice to self-isolate (n=66) from the app to those who had not (n=418) shows that reported intention to comply with advice is
significantly stronger than reported actual compliance (mean intention 4.59, SD 0.738; mean actual 4.06, SD 1.094; U=17673.0; P<.001).

Understanding and Attitudes Toward the App
Of participants who currently have the app, have deleted it, or
intended to download it (699/963, 72.6%), most stated that they
thought that decisions to send a notification to self-isolate were
made by both humans and the app (379/699, 54.2%; 95% CI
51.1%-57.3%); only 19.5% (136/699; 95% CI 17.0%-22.0%)
thought they were made by the app only. Participants with the
app agreed that they knew how the app worked, that it was easy
to use, that it was useful to them and to wider society, that the
regulations surrounding the app were sufficient, that it was
important that they could get explanations and verify
information from the app, that they could speak to a person
about any advice they receive, and that they have the option to
opt out of contact tracing if they chose to. They were neutral
about data concerns and about whether they had a choice in
downloading the app. They tended to disagree that they had
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been frustrated by a notification from the app.
Independent-samples Kruskal-Wallis tests showed that
participants who had deleted the app (81/963, 8.4%) felt
significantly less than those who still have the app (490/963,
50.9%) that they understood the app (χ22=16.1, P=.003), that
it was useful to them (χ22=26.2, P<.001) or wider society
(χ22=29.7, P<.001), that regulations were sufficient (χ22=12.9,
P=.003), or that it was easy to use (χ21=41.2, P<.001). It was
also significantly less important to them that they could verify
app notifications (χ22=18.3, P<.001). However, they showed
significantly more concern about how their data were used
(χ22=25.7, P<.001) and were more likely to have been frustrated
by a notification from the app (χ21=18.3, P<.001). None of the
other statements (Table 4) were significantly different.
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Table 4. Levels of agreement with statements related to the technology and ecosystem surrounding the NHS COVID-19 app.
Statementsa

Participants who deleted the
app (n=81)

Mean (SD)

Median (IQR)

Mean (SD)

Median (IQR)

3.99 (0.850)

4 (1)

3.57 (1.036)

4 (1)

.003

I am concerned about how my data will be used by the 3.04 (1.250)
app

3 (2)

3.73 (1.037)

4 (1)

<.001

The app is useful to me personally

3.84 (0.944)

4 (2)

3.19 (1.174)

3 (2)

<.001

The app is useful to wider society

4.11 (0.874)

4 (1)

3.47 (1.096)

4 (1)

<.001

It is important to me that I can get an explanation for
any information given to me by the app

4.01 (0.801)

4 (1)

3.72 (1.028)

4 (2)

.052

It is important to me that I can verify that notifications 4.14 (0.823)
from the app are authentic

4 (1)

3.60 (1.137)

4 (1)

<.001

The regulations governing the creation of the app are
sufficient

3.72 (0.934)

4 (1)

3.37 (1.089)

3 (1)

.003

It is important to me to be able to speak to a person
about any advice given by the app

3.71 (0.982)

4 (1)

3.64 (1.099)

4 (1)

>.99

It is important to me that I can opt in and opt out of
contact tracing

3.50 (1.166)

4 (1)

3.58 (0.947)

4 (1)

>.99

The app is easy to use

4.18 (0.815)

4 (1)

3.42 (1.082)

4 (1)

<.001

I felt that I had no choice but to download the app

2.98 (1.273)

3 (2)

3.27 (1.162)

3 (2)

.06

I have felt frustrated as a result of a notification from
the app

2.59 (1.279)

2 (2)

3.28 (1.154)

3 (2)

<.001

I understand how the NHS COVID-19 app works

a

P valueb

Participants who still have the app
(n=490)

Statements were rated on a 5-point Likert scale from 1 (“strongly disagree”) to 5 (“strongly agree”).

b

Independent-samples Kruskal-Wallis tests were carried out with a significance level of P<.05 and post hoc tests to indicate which groups had significant
differences between them, with Bonferroni correction to account for multiple tests. Additional differences, including participants who downloaded and
still have the app and those who intend to download the app, are in Table S2 in Multimedia Appendix 1.

Trust in Test and Trace
While those who still have the app (490/963, 50.9%) tended to
agree that they had trust in various aspects of the app (Table 5),
independent-samples Kruskal-Wallis tests showed that those
who chose not to download the app (264/963, 27.4%) had
significantly less trust, feeling neutral regarding trusting that
the data were used responsibly (χ23=222.2, P<.001) and stored
2

securely (χ 3=236.3, P<.001), that the app does what it is
supposed to do (χ23=273.9, P<.001), and that the app is basically
trustworthy (χ23=243.1, P<.001). They were also significantly
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less trusting of others, feeling neutral about whether they trusted
others to download the app (χ23= 128.8, P<.001) or to
self-isolate if they were told to (χ23=74.1, P<.001). Participants
who chose not to download the app were also significantly more
likely not to trust that their data would be deleted when the app
said it would be (χ23=251.1, P<.001) or that the app was reliable
(χ23=277.7, P<.001). Trust was thought to be important for all
participants to feel comfortable using the app, although
significantly less so for those who chose not to download it
(χ23=24.0, P<.001).
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Table 5. Levels of agreement with statements related to trust in the NHS COVID-19 app.
Statementsa

a

P valueb

Participants who have the app (n=490)

Participants who do not intend to download
the app (n=264)

Mean (SD)

Median (IQR)

Mean (SD)

Median (IQR)

I trust that the data collected by the app are
used responsibly

3.98 (0.888)

4 (1)

2.63 (1.224)

3 (2)

<.001

I trust that the data collected by the app are
stored securely

3.93 (0.916)

4 (2)

2.56 (1.149)

3 (1)

<.001

I feel that the app is reliable

3.89 (0.919)

4 (2)

2.42 (1.062)

2 (1)

<.001

I trust that the app will do what it is supposed 3.97 (0.880)
to do

4 (1)

2.53 (1.136)

3 (1)

<.001

I think the NHS COVID-19 app is basically
trustworthy

4.03 (0.875)

4 (1)

2.73 (1.129)

3 (1)

<.001

I think that most other people will download 3.58 (1.026)
the app

4 (1)

2.65 (1.086)

3 (1)

<.001

I trust that most other people will self-isolate 3.54 (1.113)
if told to do so by the app

4 (1)

2.80 (1.106)

3 (2)

<.001

I trust that my data will be deleted when the
app says they will be

3.93 (0.892)

4 (2)

2.48 (1.196)

2 (2)

<.001

It is important to me that I trust the app in
order to use it

4.15 (0.736)

4 (1)

3.86 (1.145)

4 (2)

<.001

Statements were rated on a scale from 1 (“strongly disagree”) to 5 (“strongly agree”).

b

Independent-samples Kruskal-Wallis tests were carried out with a significance level of P<.05 and post hoc tests to indicate which groups had significant
differences between them, with Bonferroni correction to account for multiple tests. Additional differences, including participants who deleted or intended
to download the app, are in Table S3 in Multimedia Appendix 1.

While those who still had the app (490/963, 50.9%) agreed that
they trusted most of the stakeholders involved in the NHS Test
and Trace system (Table 6), independent-samples
Kruskal-Wallis tests showed that those who chose not to
download the app (264/963, 27.4%) were significantly more
neutral about big tech companies (χ23=82.1, P<.001), small
hospitality venues (χ23=34.8, P<.001), large hospitality venues
(χ23=56.1, P<.001), and their local council (χ23=61.7, P<.001),

and significantly more negative about their trust in the UK
government (χ23=61.7, P<.001). Those with the app were neutral
about their trust in private contractors, while those without the
app were significantly more negative (χ23=85.6, P<.001).
Finally, both groups tended to agree that they trusted the NHS,
but those without the app significantly less so (χ23=78.9,
P<.001).

Table 6. Levels of trust in stakeholders involved in the NHS Test and Trace system among participants.
Statementsa

a

P valueb

Participants who have the
app (n=490)

Participants who do not intend to download
the app (n=264)

Mean (SD)

Median (IQR)

Mean (SD)

Median (IQR)

I trust the big tech companies, such as Google and 3.42 (0.996)
Apple

4 (1)

2.65 (1.134)

3 (1)

<.001

I trust private contractors, such as Serco

3.07 (1.086)

3 (2)

2.29 (1.021)

2 (2)

<.001

I trust small hospitality venues, such as indepen- 3.62 (0.864)
dent pubs and cafés

4 (1)

3.13 (1.125)

3 (2)

<.001

I trust larger hospitality venues, such as chain
restaurants

3.52 (0.923)

4 (1)

2.91 (1.068)

3 (2)

<.001

I trust the UK Government

3.32 (1.213)

4 (2)

2.39 (1.181)

2 (2)

<.001

I trust my local council

3.51 (0.968)

4 (1)

2.86 (1.096)

3 (2)

<.001

I trust the National Health Service

4.33 (0.774)

4 (1)

3.72 (1.102)

4 (2)

<.001

Statements were rated on a 5-point Likert scale from 1 (“strongly disagree”) to 5 (“strongly agree”).

b

Independent-samples Kruskal-Wallis tests were carried out with a significance level of P<.05 and post hoc tests to indicate which groups had significant
differences between them, with Bonferroni correction to account for multiple tests. Additional differences, including participants who deleted or intended
to download the app, are in Table S4 in Multimedia Appendix 1.
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Vulnerable Groups
Of the 11.5% (115/1001) of participants who identified as
BAME, 53.0% (61/115; 95% CI 49.9%-56.1%) had any close
experience of COVID-19, including friends and family receiving
diagnoses, compared to 42.3% (371/876; 95% CI 39.2%-45.4%)
of White participants (Table 7). Chi-square tests showed that
significantly more BAME participants had a member of their
household test positive, (χ21=10.0, P<.05). While more BAME
participants had tested positive or had another person close to
them test positive than White participants, the differences were
not significant; a similar proportion had been asked to

self-isolate. Significantly fewer BAME participants than White
participants had downloaded the app (χ21=4.7, P<.05) and more
had deleted the app (χ21=4.5, P<.05); while fewer BAME
participants did not intend to download the app and more
intended to download it, neither difference was significant
(Table 8). BAME participants agreed significantly less that they
downloaded the app to help the NHS (meanBAME 4.02, SD 1.000;
meanWhite4.46, SD 0.710; U=7803.5; P=.001) and significantly
more that it was a requirement for their job (meanBAME 3.19,
SD 1.437; meanWhite 2.45, SD 1.341; U=13734.0; P<.001); no
other reasons showed a difference.

Table 7. Experiences of COVID-19 among vulnerable populations (BAME participants and those 65 years and over) compared to other populations
(White participants and those under 65 years).
White participants (n=876)

BAMEa participants
(n=115)

Participants under 65 years Participants 65 years
(n=874)
and over (n=127)

n (%)

95% CI

n (%)

95% CI

n (%)

95% CI

Any close experience of COVID-19

371 (42.3)

39.2-45.4

61 (53.0)

49.9-56.1

407 (46.6)

43.5-49.7 28 (22.0)

19.4-24.6

Tested positive

32 (3.7)

2.5-4.9

8 (7.0)

5.4-8.6

39 (4.5)

3.2-5.8

1 (0.9)

0.3-1.5

Member of household tested positive 112 (12.7)

10.6-14.8

29 (25.2)

22.5-27.9

136 (15.6)

13.4-17.8 5 (3.9)

2.7-5.1

Another close person tested positive

241 (27.5)

24.7-30.3

36 (31.3)

28.4-34.2

265 (30.3)

27.5-33.1 14 (11.0)

9.1-12.9

Asked to self-isolate

76 (8.7)

7.0-10.4

7 (7.0)

5.4-8.6

74 (8.5)

6.8-10.2

7.0-10.4

Experiences of COVID-19

a

n (%)

11 (8.8)

95% CI

BAME: Black, Asian, and minority ethnic.

Table 8. Downloads of the NHS COVID-19 app among vulnerable populations (BAME participants and those 65 years and over) compared to other
populations (White participants and those under 65 years).
White participants (n=876) BAMEa participants
(n=115)

Participants under 65 years
(n=874)

Participants 65 years and
over (n=127)

n (%)

95% CI

n (%)

95% CI

n (%)

95% CI

n (%)

95% CI

Downloaded

440 (50.2)

47.1-53.3

48 (41.7)

38.6-44.8

424 (48.5)

45.4-51.6

66 (52.0)

48.9-55.1

Downloaded then deleted

65 (7.4)

5.8-9.0

16 (13.9)

11.8-16.0

79 (9.0)

7.2-10.8

2 (1.6)

0.8-2.4

Not downloaded but intend to 105 (12.0)

10.0-14.0

19 (16.5)

14.2-18.8

115 (13.2)

11.1-15.3

13 (10.2)

8.3-12.1

Do not intend to download

24.2-29.6

24 (20.9)

18.4-23.4

220 (25.2)

22.5-27.9

44 (34.6)

32.6-38.6

Download status

a

236 (26.9)

BAME: Black, Asian, and minority ethnic.

Of the 12.7% (127/1001) of participants who were 65 years of
age or over, only 22.0% (28/127; 95% CI 19.4%-24.6%) had
any close experience of COVID-19 compared to 46.6%
(407/874; 95% CI 43.5%-49.7%) of participants under 65 years.
Chi-square tests showed that significantly more participants
under 65 years than those 65 years and over had a member of
their household test positive (χ21=10.4, P<.05) or another person
close to them (χ21=4.7, P<.05), with no significant difference
in testing positive for COVID-19 or being asked to self-isolate.
Significantly more participants 65 years and over had
downloaded the app (χ21=7.0, P<.05), fewer participants 65
years and over had deleted it (χ21=8.2, P<.05), but significantly
more participants 65 years and over, compared to those under
65 years, did not intend to download the app (χ21=13.5, P<.05);
similar proportions intended to download the app. Participants
65 years and over agreed significantly more that they
https://www.jmir.org/2021/9/e29085
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downloaded the app to help the NHS (mean≥65 4.59, SD 0.656;
mean<65 4.39, SD 0.764; U=16164.0; P=.02) and to help protect
their friends and family (mean≥65 4.50, SD 0.846; mean<65 4.34,
SD 0.782; U=16220.0; P=.02) or broader society (mean≥65 4.45,
SD 0.786; mean<65 4.16, SD 0.910; U=16630.5; P=.008);
however, they were less likely to agree that it was needed for
them to check into venues (mean≥65 3.15, SD 1.256; mean<65
3.60, SD 1.157; U=11089.5; P=.005) or for their job (mean≥65
1.94, SD 1.188; mean<65 2.63, SD 1.364; U=9874.0; P<.001);
no other reasons showed a difference.
Of participants who did not have the app, intention to comply
with a phone call asking them to self-isolate was the same
between both BAME and White participants (meanBAME 3.93,
SD 1.201; meanWhite 4.14, SD 1.192; U=13909.0; P=.06) and
between participants 65 years and over and those under 65 years
(mean≥65 4.39, SD 1.000; mean<65 4.08, SD 1.207; U=10573.0;
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P=.11). Of those with the app who had been notified to
self-isolate, there was no significant difference in compliance
between populations (meanBAME 3.67, SD 1.234; meanWhite
4.18, SD 1.034; U=291.5; P=.14; mean≥65 4.25, SD 1.500;
mean<65 4.05, SD 1.078; U=150.0; P=.51), but of those who
had not been notified, White participants reported a significantly
higher intention to comply (meanBAME 4.26, SD 0.855; meanWhite
4.63, SD 0.700; U=4544.5; P=.006), as did participants 65 years
and over (mean≥65 4.90, SD 0.349; mean<65 4.54, SD 0.774;
U=13838.5; P<.001).

BAME participants had a significantly lower understanding of
how decisions were made by the app (χ22=9.2, P<.05) (Table
9); more participants thought it was either humans only or
humans and the app, while far fewer understood that it was only
the app. While more participants 65 years and over than those
under 65 years also felt that decisions were made entirely by
humans, fewer felt decisions were made by both humans and
the app, and more of them correctly identified that decisions
were made entirely by the app; there was no significant
difference between the age groups (Table 9).

Table 9. Beliefs about how decisions are made by the NHS COVID-19 app among vulnerable populations (BAME participants and those 65 years and
over) compared to other populations (White participants and those under 65 years).
White participants (n=876) BAMEa participants
(n=115)

Participants under 65 years
(n=874)

Participants 65 years and
over (n=127)

n (%)

95% CI

n (%)

95% CI

n (%)

95% CI

n (%)

95% CI

Humans only

156 (17.8)

15.4-20.2

26 (22.6)

20.0-25.2

159 (18.2)

15.8-20.6

25 (19.7)

17.2-22.2

Both humans and the app

324 (37.0)

34.0-40.0

51 (44.3)

41.2-47.4

343 (39.2)

36.2-42.2

36 (28.3)

25.5-31.1

App only

130 (14.8)

12.6-17.0

6 (5.2)

3.8-6.6

116 (13.3)

11.2-15.4

20 (15.7)

13.4-18.0

Beliefs about how decisions are
made by the app

a

BAME: Black, Asian, and minority ethnic.

BAME participants were more concerned about how their data
would be used (meanWhite 3.07, SD 1.232; meanBAME 3.58, SD
1.091; U=31052.5; P=.001), felt more strongly that they had
no choice but to download the app (meanWhite 2.95, SD 1.267;
meanBAME 3.59, SD 1.065; U=20857.0; P<.001), and felt
frustrated as a result of a notification from the app (meanWhite
2.59, SD 1.263; meanBAME 3.42, SD 1.219; U=21961.5; P<.001).
They felt less strongly that the app was easy to use (meanWhite
4.11, SD 0.871; meanBAME 3.75, SD 1.039; U=12844.5; P=.004)
or that it was useful to wider society (meanWhite 4.05, SD 0.885;
meanBAME 3.75, SD 0.960; U=21371.5; P=.01). Participants 65
years and over were less concerned about how their data would
be used (mean≥65 2.72, SD 1.269; mean<65 3.20, SD 1.216;
U=20663.0; P=.009), less likely to feel that they had no choice
but to download the app (mean≥65 2.68, SD 1.215; mean<65 3.07,
SD 1.260; U=14010.0; P=.01), and less likely to feel frustrated
as a result of a notification from the app (mean≥65 2.09, SD
1.129; mean<65 2.77, SD 1.283; U=11854.5; P<.001). It was
also less important to them that they could opt in and opt out
of contact tracing (mean≥65 3.18, SD 1.119; mean<65 3.56, SD
1.101; U=19243.0; P<.001). There were no other significant
differences in attitudes.
BAME participants felt it was less important that they trusted
the app (meanWhite 4.04, SD 0.898; meanBAME 3.79, SD 0.996;
U=43247.5; P=.008). They had more trust in the big tech
companies (meanWhite 3.14, SD 1.106; meanBAME 3.43, SD
1.109; U=57731.5; P=.008) and private contractors (meanWhite
2.78, SD 1.099; meanBAME 3.24, SD 1.081; U=61597.5; P<.001),
but less trust in the NHS (meanWhite 4.12, SD 0.954; meanBAME
3.97, SD 0.912; U=44705.5; P=.04). Conversely, participants
65 years and over had less trust in the big tech companies
(mean≥65 2.97, SD 1.133; mean<65 3.21, SD 1.100; U=49432.0;
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P=.04) and private contractors (mean≥65 2.53, SD 1.133; mean<65
2.88, SD 1.092; U=46020.0; P=.001), but more trust in the UK
government (mean≥65 3.24, SD 1.269; mean<65 2.97, SD 0.945;
U=62275.5; P=.02). There were no other significant differences
in trust.

Discussion
Principal Findings and Comparison With Prior Work
Just over half of those surveyed had downloaded the app,
agreeing with other estimates for the United Kingdom [29].
Reasons for app uptake were predominantly to help the NHS,
protect others, and reduce the spread of the virus, broadly
agreeing with previous research [2,4]. Older adults had more
community-minded and altruistic attitudes, being more likely
to download the app to help the NHS, friends, family, and
society, but they also had less intention to download the app.
However, almost 1 in 9 of those who initially downloaded the
app eventually deleted it, especially BAME participants,
although the number of these participants who had downloaded
and kept the app was similar to that of White participants.
However, this increased deletion is a particular concern, as their
vulnerability is reflected in the finding that twice as many
BAME participants had tested positive or had a household
member test positive for COVID-19.
In line with previous studies [4,10,13-15], reasons for not
downloading or deleting the app were related to not wanting to
be tracked, a feeling that it would be ineffective, and a lack of
trust in the people who built the app. People who decided to
delete the app were more likely than those who kept it to feel
that it was not useful or easy to use, as expected from the TAM2
[32]; they also felt they understood less about how it worked,
were more concerned about how their data would be used, and
were more likely to have been frustrated by a notification from
the app. This shows how important a trustworthy user experience
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is for the adoption of contact tracing apps. BAME participants
who had the app also had higher levels of concern about their
data, felt the app was less easy to use and was less useful to
society, and were more likely to have been frustrated by the
app; this could lead to them deleting the app in the future. Those
involved in the design of contact tracing should pay particular
attention to the needs of BAME app users. On the other hand,
older adults had less concern about their data and less frustration.
Engaging users in the development, implementation, and
evaluation of contact tracing can help to maximize engagement
and technology acceptance, according to the RRI framework
[7,8], helping designers to consider wider social implications
of a technology and how real-world use might differ from usage
within a trial or with a prototype. Working together with users
to anticipate concerns and develop solutions can be an effective
mechanism to achieve the adoption of digital solutions.
The feeling that there was a lack of choice in using the app was
stronger among BAME participants and lowest among older
adults; BAME participants were also more likely to state that
they had to download the app for their job. Participants required
a level of control over the app, feeling that it was important to
get explanations, verify and speak to people about notifications,
and be able to opt out of contact tracing; interestingly, the latter
was less important for older adults. Most people stated that they
would be or had been highly compliant with advice to
self-isolate, although intention was significantly higher than
actual reported compliance, especially among older adults.
Actual reported compliance was similar across the different
groups, although our findings suggest that White people tended
to overstate their intention to comply. This finding may be
impacted by the reduced trust in the government, as previously
discussed, as well as a perceived lack of incentives offered for
compliance [33]. It is also interesting that when asked how
much they complied with “official advice,” some participants
who had been asked to self-isolate, by the app or otherwise,
occasionally answered that they had not received any official
advice. This implies that the instruction to self-isolate was
perceived as being a suggestion rather than holding any
authority, which may, in turn, have led to participants not taking
the same precautions as they would have if they felt that the
instruction to self-isolate was an official request.
Trust in the app was moderate. Participants who did not
download the app had significantly lower trust in the app,
especially in whether their data would be deleted and whether
the app was reliable. They also had significantly lower trust in
other users and in stakeholders surrounding the app, suggesting
that trust is an important consideration in the design of contact
tracing apps. Trust in the government was particularly low and
may be a factor in adoption of app-based contact tracing
[2,4,34,35], although it was higher among older adults, who
were more concerned about big tech and private contractors.
The BAME population had more trust in the big tech companies
and private contractors but less trust in the NHS. BAME
participants were also significantly less likely to download the
app to help the NHS. A recent study on health-related quality
of life revealed inequalities within English ethnic minorities
[36], including poor primary care experiences, inadequate
support from local services, and low patient self-confidence.
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This indicates that government slogans like “protect the NHS”
may not have the intended effect on BAME communities and
should be rethought to be more inclusive. However, reasons for
a lack of trust on the part of BAME people in the governments
and institutions in the United Kingdom are likely linked to
persistent issues of structural racism [37] and, thus, are unlikely
to be changed through singular measures alone, such as
government messaging.
Finally, although participants felt they understood how the app
worked, the results show that most people do not know that
decisions about notifications are entirely made by the app
[27,29], without human involvement. Understanding was
particularly low in BAME communities. This lack of
understanding may affect uptake and continued use, as it may
negatively impact trust and, consequently, the app’s popularity,
perceived validity, and reliability [38]. At the same time,
perceived human intervention may falsely increase trust in the
app, as a completely automated system is likely to be recognized
as having an unfair impact on the population, limiting freedom
without taking into consideration personal circumstances [39].

Limitations and Future Work
While the sample was representative of the UK population in
terms of age, gender, region, and ethnicity, some demographics
that were not measured, such as income and political leaning,
may have affected the results. Additionally, this
representativeness means that the sample sizes for the vulnerable
populations, although proportionate to population, were small
compared to the overall sample. Future work should consider
enriching the sample with greater numbers of participants from
minority populations in order to capture their views more
thoroughly. Additionally, while the sample was drawn from an
online panel, this bias toward the online population was
considered acceptable for this study, as the focus was on use of
a smartphone app, which implied internet access. Recent
estimates suggest that 92% of adults in the United Kingdom are
recent internet users, including 54% of those over 75 years of
age and 81% of disabled adults; only 6.3% of adults had never
used the internet [40]. However, this does mean that potential
respondents who do not have access to, or the ability to use, the
internet—as were individuals who were not part of the online
panel—were unable to take part in this study. While out of scope
for this paper, this should be examined in future studies, as such
issues could disproportionately affect vulnerable communities.
Future work should also consider multivariable analyses to
account for the demographics of participants, to aid in explaining
the differences found between vulnerable subgroups. For
example, it is possible that lower trust in the government or the
NHS might be driven by factors such as age, gender, or
education. Similarly, further investigation of other groups could
be beneficial, for example, to test the effects of having tested
positive on their opinions or behaviors. There was a slightly
higher proportion of participants who had tested positive than
the national proportion (4% vs 3%), and quite a few participants
reported they had been otherwise affected by the virus; it is
possible that some participants were drawn to the study for this
reason. However, this group was not excluded or highlighted
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in this paper due to the overall low numbers of self-reported
positive cases among respondents.
Finally, as with all self-report studies, in addition to the potential
oversubscription of closely affected participants, there is a
possibility of other reporting biases in this study; for example,
social desirability bias and overreporting of compliance to
self-isolation advice. However, as described above, a nontrivial
number of participants did report not complying at all or not
intending to comply, although it does seem there is a tendency
to overstate intentions. It would be interesting to relate this to
actual recorded behavior with regard to self-isolation.

Conclusions
This paper adds to the existing evidence surrounding digital
contact tracing by reporting on an investigation of acceptance
of a live app, which had been available to download for almost
3 months at the time of the study. Based on the TAM with the
added factor of trust, an online survey was carried out looking at
use of and attitudes toward the United Kingdom’s NHS Test
and Trace app, NHS COVID-19, among a representative sample
of participants, including subgroup analysis of participants 65

Dowthwaite et al
years and over and members of the BAME community as
potentially vulnerable users. Results indicate that uptake was
limited to around 1 in 2 persons. Stated reasons for adoption
predominantly surrounded a desire to help the NHS, friends and
family,
and
society, especially
among
older
adults, although BAME respondents agreed significantly less
that their reason was to help the NHS. However, of those with
the app, only one-fifth understood that the decision to send
self-isolation notifications was made by the app without human
involvement; in addition, there were a range of significantly
more negative views among BAME participants. Respondents
without the app reported significantly lower trust and more
negative views toward the app. In cohort with other studies, the
evidence shows that there are considerable barriers to the
uptake of digital contact tracing apps, and these differ across
different populations. It is important to consider especially
potentially vulnerable groups to ensure that interventions such
as these are effective. Potential users must be engaged in the
design to enhance uptake and acceptance of test and trace apps,
focusing particularly on groups that might be hard to reach or
may have different attitudes toward acceptance.
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Abstract
Background: The COVID-19 global health crisis has led to an exponential surge in published scientific literature. In an attempt
to tackle the pandemic, extremely large COVID-19–related corpora are being created, sometimes with inaccurate information,
which is no longer at scale of human analyses.
Objective: In the context of searching for scientific evidence in the deluge of COVID-19–related literature, we present an
information retrieval methodology for effective identification of relevant sources to answer biomedical queries posed using natural
language.
Methods: Our multistage retrieval methodology combines probabilistic weighting models and reranking algorithms based on
deep neural architectures to boost the ranking of relevant documents. Similarity of COVID-19 queries is compared to documents,
and a series of postprocessing methods is applied to the initial ranking list to improve the match between the query and the
biomedical information source and boost the position of relevant documents.
Results: The methodology was evaluated in the context of the TREC-COVID challenge, achieving competitive results with the
top-ranking teams participating in the competition. Particularly, the combination of bag-of-words and deep neural language
models significantly outperformed an Okapi Best Match 25–based baseline, retrieving on average, 83% of relevant documents
in the top 20.
Conclusions: These results indicate that multistage retrieval supported by deep learning could enhance identification of literature
for COVID-19–related questions posed using natural language.
(J Med Internet Res 2021;23(9):e30161) doi:10.2196/30161
KEYWORDS
information retrieval; multistage retrieval; neural search; deep learning; COVID-19; coronavirus; infodemic; infodemiology;
literature; online information
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Introduction
Background
In parallel with its public health crisis with vast social and
economic impacts, the COVID-19 pandemic has resulted in an
explosive surge of activities within scientific communities and
across many disciplines [1]. In turn, it has led to an
overabundance of information online and offline — a
phenomenon described as an infodemic [2-4] — with often
negative impacts on the population [5]. Since early 2020 when
the pandemic was officially announced, the number of
publications related to COVID-19 has had exponential growth
[6]. In addition to the volume and velocity of the generated data,
the heterogeneity as a result of the typical variety of concept
naming found in the biomedical field, spelling mistakes, and
the different source types [7] make searching and discovery of
relevant literature within the COVID-19 corpora an important
challenge [2].
With the sheer quantity of COVID-19 information continuously
produced, researchers, policy makers, journalists, and ordinary
citizens, among others, are unable to keep up with the
fast-evolving body of knowledge disseminated. As knowledge
about the pandemic evolves, study results and conclusions may
be improved, contradicted, or even proven wrong [3]. Combined
with relentless media coverage and social media interactions,
this fast-changing and massive amount of information leads to
confusion and desensitization among audiences (eg, as in the
case of school opening guidelines and mask-wearing and social
distancing recommendations) [5,8]. They also fuel deliberate
attempts to create information disorders, such as misinformation,
disinformation, malinformation, and fake news [9], reducing
the effectiveness of public health measures and endangering
countries’ ability to stop the pandemic, ultimately having a
negative impact on live costs [10,11].
To support states and relevant actors of society to manage the
COVID-19 infodemic, the World Health Organization (WHO)
has published a framework containing 50 recommendations, of
which more than 20% are related to strengthening the scanning,
review, and verification of evidence and information [2]. To
help actors involved with the pandemic find the most relevant
information for their needs, effective information retrieval
models for the COVID-19–related corpora became thus a
prominent necessity [12]. The information retrieval community,
in turn, has responded actively and quickly to this extraordinary
situation and has been aiming to address these challenges. To
foster research for the scientific communities involved with the
pandemic, the COVID-19 Open Research Dataset (CORD-19)
[13] collection was built to maintain all the related publications
for the family of coronaviruses. This dataset helped research in
various directions, and several tasks are built around it, including
natural language processing (NLP)–related tasks, like question
answering [14] and language model pretraining [15], and
information retrieval challenges in Kaggle [16] as well as the
TREC-COVID [17,18].
The TREC-COVID [18-20] challenge ran in 5 rounds, each
asking for an incremental set of information needs to be
retrieved from publications of the CORD-19 collection. In a
https://www.jmir.org/2021/9/e30161
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TREC-COVID round, participants were asked to rank
documents of the CORD-19 corpus in decreasing order of
likelihood of containing answers to a set of query topics. At the
end of the round, experts provided relevance judgments for the
top-ranking documents submitted by different participants using
a pooling strategy [21]. Although limited to the first several top
submissions of the participating teams, these relevance
judgments enable the evaluation of the different models and are
valuable examples to train retrieval models for the subsequent
rounds of the challenge.
To improve search and discovery of COVID-19 scientific
literature, in this work we aimed to investigate an information
retrieval model supported by deep language models to enhance
findability of relevant documents in fast-evolving corpora.
More than 50 teams participated in the TREC-COVID challenge
worldwide, developing new information retrieval and NLP
methodologies to tackle this complex task [22-27]. Having
participated in the TREC-COVID challenge, in this paper we
detail our retrieval methodology, which brought us competitive
results with the top-ranking teams. Particularly, we used a
multistage retrieval pipeline, combining classic probabilistic
weighting models with novel learning to rank approaches made
by ensemble of deep masked language models. We present our
results and analyze how the different components of the pipeline
contribute to providing the best answers to the query topics.

Related Work
Two-Stage Information Retrieval
Currently, 2 main methodologies are used to rank documents
in information retrieval systems: (1) the classic query-document
probabilistic approaches, such as Okapi Best Match 25 (BM25)
[28] and probabilistic language models [29], and (2) the
learning-to-rank approaches, which usually postprocess results
provided by classic systems to improve the original ranked list
[30,31]. When there are sufficient training data (ie, queries with
relevance judgments for the case of information retrieval),
learning-to-rank models often outperform classic one-stage
retrieval systems [30,32]. Nevertheless, empiric results have
also shown that the reranking step may degrade the performance
of the original rank [33]. Progress on learning-to-rank algorithms
has been fostered thanks to the public release of annotated
benchmark datasets, such as the LETOR [34] and Microsoft
Machine Reading Comprehension (MS MARCO) [35].
Learning-to-rank approaches can be categorized into 3 main
classes of algorithms — pointwise, pairwise, and listwise —
based on whether they consider 1 document, a pair of
documents, or the whole ranking list in the learning loss
function, respectively [30-32,36]. Variations of these
learning-to-rank algorithms are available based on neural
networks [31,36] and other learning algorithms, such as boosting
trees [37]. More recently, pointwise methods leveraging the
power of neural-based masked language models have attracted
great attention [38,39]. These learning-to-rank models use the
query and document learning representations provided by the
masked language model to classify whether a document in the
ranked list is relevant to the query. While these two-stage
retrieval methods based on neural rerankers provide interesting
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features, such as learned word proximity, in practice, the first
stage based on classic probabilistic retrieval algorithms is
indispensable, as the algorithmic complexity of the reranking
methods makes them often prohibitive to classify the whole
collection [32].
Recent advances in text analytics, including question answering,
text classification, and information retrieval, have indeed mostly
been driven by neural-based masked language models. A
seminal effort in this direction is the Bidirectional Encoder
Representations from Transformers (BERT) model [38], which
shows significant success in a wide range of NLP tasks. BERT
uses a bidirectional learning approach based on the transformer
architecture [40] and is trained to predict masked words in
context. Since the introduction of BERT, several works tried
to augment its performance. A successful work in this direction
is the robustly optimized BERT approach (RoBERTa) [41],
using larger and more diverse corpora for training as well as a
different tokenizer. While RoBERTa needs larger computing
power, it often improves the performance of BERT across
different downstream tasks. Another similar effort is the XLNet
model [42], which uses a permutation-based masking, showing
also consistent improvement over BERT.

TREC-COVID Retrieval Efforts
Recently, the specific case of retrieval of COVID-related
scientific publications has been addressed in several efforts
[22-27]. These works follow mostly the aforementioned
two-stage retrieval process. Among the first efforts is the
SLEDGE system [22], where the authors detailed their solutions
for the first round of the TREC-COVID challenge using a
BM25-based ranking method followed by a neural reranker. An
important difficulty for the first round of the challenge is the
absence of labelled data. To overcome this limitation, the authors
lightly tuned the hyperparameters of the first-stage ranking
model using minimal human judgments on a subset of the topics.
As for the second stage, they used the SciBERT model [43],
which is pretrained on biomedical texts, and fine-tuned on the
general MS MARCO set [35] with a simple cross-entropy loss.
CO-Search [24] uses a slightly different approach, wherein they
incorporated semantic information, as captured by
Sentence-BERT [44], also within the initial retrieval stage.
Moreover, they used the citation information of publications in
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their ranking pipeline. In the work of Covidex [23], the authors
provided a full-stack search engine implementing a multistage
ranking pipeline, where their first stage is based on the Anserini
information retrieval toolkit [45], complemented by different
neural reranking strategies. They addressed the issue of length
variability among documents with an atomic document
representation using, for example, paragraph-level indexing.

Methods
In this section, we describe the corpus and query set and our
methodology for searching COVID-19–related literature in the
context of the TREC-COVID challenge. We start by introducing
the CORD-19 dataset, which is the corpus used in the
competition. We then describe the challenge organization and
assessment queries. Then, we detail our searching methodology,
based on a multistage retrieval approach. Finally, we present
the evaluation criteria used to score the participants’
submissions. For further details on the TREC-COVID challenge,
see [19,20].

The CORD-19 Dataset
A prominent effort to gather publications, preprints, and reports
related to the coronaviruses and acute respiratory syndromes
(COVID-19, Middle East respiratory syndrome [MERS], and
severe acute respiratory syndrome [SARS]) is the CORD-19
collection of the Allen Institute for Artificial Intelligence (in
collaboration with other partners) [13]. Figure 1 describes the
size and content origin of the corpus for the different
TREC-COVID rounds. As we can see, this is a large and
dynamically growing semistructured dataset from various
sources like PubMed, PubMed Central (PMC), WHO, and
preprint servers like bioRxiv, medRxiv, and arXiv. The dataset
contains document metadata, including title, abstract, and
authors, among others, but also the full text or link to full-text
files when available. A diverse set of related disciplines (eg,
from virology and immunology to genetics) are represented in
the collection. Throughout the challenge, the dataset was
updated daily, and snapshot versions representing its status at
a certain time were provided to the participants for each round.
In the last round of the TREC-COVID challenge, the corpus
contained around 200,000 documents, coming mostly from
Medline, PMC, and WHO sources.
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Figure 1. Evolution of the CORD-19 corpus across the TREC-COVID rounds stratified by source. PMC: PubMed Central; WHO: World Health
Organization.

The TREC-COVID Challenge
To assess the different information retrieval models, the
TREC-COVID challenge provided a query set capturing relevant
search questions of researchers during the pandemic. These
needs are stated in query topics, consisting of 3 free-text fields
— query, question, and narrative — with an increasing level of
context, as shown in the examples in Table 1. The challenge
started with 30 topics in round 1 and added 5 new topics in each
new round, thus reaching 50 topics in round 5.
In each round, the participants provided ranked lists of candidate
publications of the CORD-19 collection that best answered the

query topics. Each list was generated by a different information
retrieval model, so called run, with up to 5 runs in the first 4
rounds and 7 runs in the last round per team. At the end of the
round, domain experts examined the top k candidate publications
(where k is defined by the organizers) from the priority runs of
the teams and judged them as “highly relevant,” “somehow
relevant,” or “irrelevant.” Then, based on the consolidated
relevance judgments, the participants were evaluated using
standard information retrieval metrics (eg, normalized
discounted cumulative gain [NDCG], precision). Judged
documents for a specific topic from previous rounds were
excluded from the relevance judgment list.

Table 1. Examples of TREC-COVID topics with the fields query, question, and narrative.
Topic

Query

Question

Narrative

1

Coronavirus origin

What is the origin of COVID-19?

Seeking a range of information about the SARS-CoV-2 virus’s origin,
including its evolution, animal source, and first transmission into humans

25

Coronavirus
biomarkers

Which biomarkers predict the severe clinical Looking for information on biomarkers that predict disease outcomes
course of 2019-nCOV infection?
in people infected with coronavirus, specifically those that predict
severe and fatal outcomes

50

mRNA vaccine
coronavirus

What is known about an mRNA vaccine for Looking for studies specifically focusing on mRNA vaccines for
the SARS-CoV-2 virus?
COVID-19, including how mRNA vaccines work, why they are
promising, and any results from actual clinical studies

Proposed Multistage Retrieval Methodology
Figure 2 shows the different components of our information
retrieval pipeline for the COVID-related literature. These
components can be divided into 3 main categories: (1) first-stage
retrieval using classic probabilistic methods, (2) second-stage
(neural) reranking models, and (3) rank fusion algorithms. Given
a corpus containing metadata information, such as title and
https://www.jmir.org/2021/9/e30161
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abstract, and full text, when available, documents are stored
using directed and inverted indexes. Then, transformer-based
and classic learning-to-rank models trained using relevance
judgments are used to classify and rerank pairs of
query-document answers. The ranked list obtained from the
different models are further combined using the reciprocal rank
fusion (RRF) algorithm.
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Figure 2. Multistage retrieval pipeline, where light green indicates first-stage retrieval, light and dark blue indicate second-stage retrieval, and M1-M7
denote the different models used to create the respective runs 1-7 in round 5. BERT: Bidirectional Encoder Representations from Transformers; BM25:
Okapi Best Match 25; DFR: divergence from randomness; L-MART: LambdaMART model; LMD: language model Dirichlet; Logistic: logistic regression
model; RoBERTa: robustly optimized BERT approach; RRF: reciprocal rank fusion.

First-Stage Retrieval
For the first-stage retrieval, we assessed 3 variations of the
classic query-document probabilistic weighting models: BM25
[46], divergence from randomness (DFR) [47], and language
model Dirichlet (LMD) [48].
Our first classical model, Okapi BM25 [28], is based on the
popular term frequency-inverse document frequency (tf-idf)
framework. In the tf-idf framework, term-weights are calculated
using the product of within term-frequency tf and the inverse
document frequency idf statistics. Denote f(t,d) as the number
of times a term t appears in a document d within a collection
D, BM25 calculates the term-weight w as:

where |d| is the length of the document, |D| is the size of the
collection, avgl is the average length of the documents in the
collection, nt is the number of documents containing the term
t, and k1 and b are parameters of the model associated with the
term frequency and the document size normalization,
respectively.
The second model, DFR, extends the basic tf-idf concept by
considering that the more the divergence of the term frequency
tf from its collection frequency cf (cf ≈ df), the more the
information carried by the term in the document [47]. Thus, for
a given model of randomness M, in the DFR framework, the
term-weight is inversely proportional to the probability of
term-frequency within the document obtained by M for the
collection D:
w(t,d,D) = k·logpM (t d|D),
where pM is a probabilistic model, such as binomial or geometric
distributions, and k is a parameter of the probabilistic model.
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The third model, LMD, uses a language model that assigns
probabilities to word sequences with a Dirichlet-prior smoothing
to measure the similarity between a query and a document [48].
In a retrieval context, a language model specifies the probability
that a document is generated by a query, and smoothing is used
to avoid zero probabilities to unseen words and improves the
overall word probability accuracy. In the LMD algorithm,
term-weight is calculated using the following equation:

where p(t|d) denotes the probability of a term in a document,
p(t|D) is the probability of a term in the collection, and μ is the
Dirichlet parameter to control the amount of smoothing.
In our pipeline, the BM25, DFR, and LMD implementations
are based on the Elasticsearch framework. The model parameters
were trained using the queries and relevance judgments of round
4 in a 5-fold cross-validation setup.

Second-Stage Reranking
The models used in the first-stage ranking were based on the
bag-of-words statistics, where essentially we looked at the
histogram of query terms and their document and collection
statistics but neglected the sequential nature of text and word
relations. To mitigate these limitations and improve the initial
rankings, after the first-stage retrieval, we used neural masked
language models trained on the relevance judgments from
previous rounds so that syntactic and semantic relations can be
better captured [49,50]. As shown in Figure 2, we assessed 3
masked language models based on the transformer architecture:
BERT, RoBERTa, and XLNet.
Figure 3 shows the general idea of how we used the BERT
language model to match documents to a query topic. Given a
topic and a document associated with it as input and a relevance
judgment as the label for the query-document association
(relevant or not), the model was trained or fine-tuned in the
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BERTology parlance, as it had been previously pretrained on
a large corpus, to predict whether the document is relevant to
the query. In the input layer of the pretrained model, the topic
and candidate publication were tokenized and separated by the
language model [SEP] token (stands for sentence separation).
Moreover, to enforce the sequential structure of text, positional
embedding as well as sentence embeddings were added to the
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main embeddings for each token. These embeddings were then
fed to the transformer layers of BERT, which were updated
during the fine-tuning step. Finally, the output of the special
[CLS] token (stands for classification) was used to determine
the relevance of the candidate publication to the queried
information topic.

Figure 3. Neural masked language model for document relevance classification. As inputs to the pre-trained masked language model, the topics and
candidate publications are separated by the [SEP] tag. Inputs are tokenized using subword tokenization methods (grey boxes); segment embeddings
(yellow boxes) represent the difference between a topic and a document input; position embeddings (green boxes) enforce the sequential structure of
text; the transformer and classification layers are updated in the training phase using the relevance judgments; and the output of the special [CLS] token
is finally used to determine the relevance of the candidate publication to the queried information topic.

Using the query topics from a preceding round (round 4 for the
results presented here) and their respective list of relevance
judgments, we fine-tuned the BERT model to rescore the initial
association of the query-document pair between (not relevant)
and (very relevant). For this, we used the score associated with
the [CLS] token position. We limited the input size of the query
and document to 512 tokens (or subwords). Then, at the
second-stage re-ranking step, we classified the top k publications
retrieved by the first stage models using the fine-tuned BERT
model (we set k=5000 in our experiments).
Identical training strategies were used for the RoBERTa and
XLNet language models. The main difference for the RoBERTa
model is that it was originally pretrained on a corpus with an
order of magnitude bigger than that of BERT (160 GB vs 16
GB). Moreover, it uses dynamic masking during the training
process, that is, at each training epoch, the model sees different
versions of the same sentence with masks on different positions,
compared to a static mask algorithm for BERT. Last, RoBERTa
uses a byte-level Byte-Pair-Encoding tokenizer compared to
BERT’s WordPiece. As BERT and its variants (eg, RoBERTa)
https://www.jmir.org/2021/9/e30161
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neglect the dependency between the masked positions and suffer
from a pretrain-finetune discrepancy, XLNet adopts a
permutation language model instead of masked language model
to solve the discrepancy problem. For downstream tasks, the
fine-tuning procedure of XLNet is similar to that of BERT and
RoBERTa.
We used the BERT (base - 12 layers), RoBERTa, and XLNet
model implementations available from the Hugging Face
framework. The models were trained using the Adam optimizer
[51] with an initial learning rate of 1.5e–5, weight decay of
0.01, and early stopping with a patience of 5 epochs.

Combining Model Results
We used the RRF algorithm [52] to combine the results of
different retrieval runs. RRF is a simple, yet powerful technique
to rescore a retrieval list based on the scores of multiple retrieval
lists. Given a set of documents D to be sorted and a set of
ranking files R = {r1…rn}, each with a permutation on 1…|D|,
RRF computes the aggregated score using the following
equation:
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where r(q,d) is the rank of document d for the query q in the
ranking file ri and k is a threshold parameter, which was tuned
to k=60 using data from previous rounds.

Second-Step Learning-to-Rank
To exploit the features (relevance score) created by the different
bag-of-words and masked language models, we added a
second-step learning-to-rank pass to our pipeline. Using the
similarity scores s computed by the BM25, DFR, LMD, BERT,
RoBERTa, and XLNet as input features and the relevance
judgments of previous rounds as labels, we trained 2
learning-to-rank models: LambdaMART and a logistic
regression classifier. While the language models exploit the
sequential nature of text, they completely neglect the ranking
provided by the bag-of-words models. Thus, we investigated
the use of the LambdaMART [31] algorithm, which uses a
pairwise loss that compares pairs of documents and tells which
document is better in the given pair. Moreover, we trained a
simple pointwise logistic regression to consider the similarity
measures computed by the first- and second-stage retrieval
models. We used the pyltr and scikit-learn implementations for
the LambdaMART and logistic regression, respectively. For
the LambdaMART model, we trained the learning rate and the
number of estimators, and for the logistic regression model, we
trained the solver and regularization strength parameters.

First-Stage Retrieval: Preprocessing, Querying
Strategies, and Parameter Tuning
In the first-stage retrieval step, we applied a classical NLP
preprocessing pipeline to the publications (indexing phase) and
topics (search phase): lower-casing, removal of
nonalphanumerical characters (apart from “-”), and Porter
stemming. Additionally, a minimal set of COVID-related
synonyms, such as “covid-19” and “sars-cov-2,” were created
and used for query expansion.
The queries were then submitted to the index in a combinatorial
way using the different topic fields and document sections. This
means that, for each query, question, and narrative field of a
topic, we submitted a query against the index for each of the
title and abstract sections of the publications (abstract + full
text in case of the full-text index). Additionally, the whole topic
(query + question + narrative) was queried against the whole
document. This querying strategy led to 7 queries for each topic,
and the final score was computed by summing up the individual
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scores. Moreover, as the first public announcement of a
coronavirus-related pneumonia was made in January 2020, we
filtered out all publications before December 2019.
We defined the best query strategy and fine-tuned the basic
parameters of the bag-of-words models using the relevance
judgments of the previous round in a 5-fold cross-validation
approach. As an example, to tune the b and k parameters of the
BM25 model in round 5, we took the topics and relevance
judgment from round 4 and submitted them to the index in round
5, optimizing the P@10 metric. For round 1, we used default
parameter values.

Evaluation Criteria
We used the official metrics of the TREC-COVID challenge to
report our results: precision at K documents (P@K), NDCG at
K documents (NDCG@K), mean average precision (MAP),
and binary preference (Bpref) [19]. For all these metrics, the
closest the result is to 1, the better the retrieval model. They
were obtained using the trec_eval information retrieval
evaluation toolkit.

Results
We used 7 models from our pipeline to create the 7 runs
submitted for the official evaluation of the TREC-COVID
challenge (labels M1 to M7 in Figure 2). Our first model —
bm25 — based on the BM25 weighting model against the
metadata index provided the baseline run. Our second model
— bow + rrf — was a fusion of the BM25, DFR, and LMD
weighting models computed against the metadata and full-text
indices and combined using the RRF algorithm. Model 3 —
mlm + rrf — used the RRF combination of the BERT,
RoBERTa, and XLNet models applied to the top 5000
documents retrieved by model 2. Model 4 — bow + mlm + rrf
— combined the results of models 2 and 3 using the RRF
algorithm. Then, model 5 — bow + mlm + lm — reranked the
results of runs 2 and 3 using the LambdaMART algorithm
trained using the similarity scores of the individual models 2
and 3. Similarly, model 6 — bow + mlm + lr — was based on
a logistic regression classifier that uses as features the similarity
scores of runs 2 and 3 to classify the relevance of the
query-document pairs. Finally, model 7 — bow + mlm + lr +
rrf — combined runs 2, 3, and 6 using the RRF algorithm. For
all RRF combinations, the parameter k was set to 60. All models
and parameters were trained using round 4 relevance judgments.
Table 2 summarizes the submitted runs.
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Table 2. Summary of the submitted runs. Refer to Figure 2 for a pictorial description.

a

Run

Name

Description

1

bm25

Run based on the baseline BM25a model using the metadata index

2

bow + rrf

An RRFb combination of BM25, DFRc, and LMDd models computed against the metadata and full-text indices

3

mlm + rrf

An RRF combination of BERT, RoBERTae, and XLNet models applied to run 2

4

bow + mlm + rrf

An RRF combination of runs 2 and 3

5

bow + mlm + lm

A LambdaMART-based model using features from the individual models used to create runs 2 and 3

6

bow + mlm + lr

A logistic regression model using features from the individual models used to create runs 2 and 3

7

bow + mlm + lr + rrf An RRF combination of runs 2, 3, and 6

BM25: Okapi Best Match 25.

b

RRF: reciprocal rank fusion.

c

DFR: divergence from randomness.

d

LMD: language model Dirichlet.

e

RoBERTa: robustly optimized BERT approach.

Official Evaluation Results
Table 3 shows the official results of the TREC-COVID
challenge for the 7 submitted runs. As we can see, the best
results are provided by model 7 (bow + mlm + lr + rrf), apart
from the metric Bpref, which is the highest for model 5 (bow
+ mlm + lm). Comparing the NDCG@20 metric, model 7
improved 16.4 percentage points against the baseline model
(26.0% relative improvement). On average, almost 17 of the

top 20 documents retrieved by model 7 were pertinent to the
query. Model 3 was able to retrieve 6.6% more relevant
documents compared to the baseline model (6963 vs 6533 of a
total of 10,910 documents judged relevant for the 50 queries).
On the other hand, it showed a relative improvement in precision
of 22.1% for the top 20 documents. Therefore, it not only
improved the recall but also brought relevant documents higher
in the ranking list. These results show that the use of the masked
language models had a significant positive impact in the ranking.

Table 3. Performance of our models in round 5 of the TREC-COVID challenge.

a

Model

NDCG@20a

P@20b

Bprefc

MAPd

# rele

bm25

0.6320

0.6440

0.5021

0.2707

6533

bow + rrf

0.6475

0.6650

0.5174

0.2778

6695

mlm + rrf

0.7716

0.7880

0.5680

0.3468

6963

bow + mlm + rrf

0.7826

0.8050

0.5616

0.3719

7006

bow + mlm + lm

0.7297

0.7460

0.5759

0.3068

6834

bow + mlm + lr

0.7375

0.7450

0.5719

0.3439

6976

bow + mlm + lr + rrf

0.7961

0.8260

0.5659

0.3789

6939

NDCG@20: normalized discounted cumulative gain at 20 documents.

b

P@20: precision at 20 documents.

c

Bpref: binary preference.

d

MAP: mean average precision.

e

# ref: total number of relevant documents retrieved by the model for the 50 queries.

Table 4 shows the official best results for the different metrics
for the top 10 teams participating in round 5 of TREC-COVID
(NDCG@20 metric taken as reference). Comparing the
NDCG@20 metric, the best model submitted by our team
(risklick) was ranked 4 of the 28 teams participating in round
5, 5.4 percentage points below the top-performing team
(Unique-ptr). For reference, the best-performing model in the
challenge retrieves on average 17.5 relevant documents per
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query in the top 20 retrieved documents compared to 16.5 for
our model. If we consider a reference baseline made by the
median of the participating teams’ best values, our pipeline
outperforms the baseline by 11.7%, 14.6%, 16.7%, and 25.0%
for the MAP, P@20, NDCG@20, and Bpref metrics,
respectively. All data and results of the TREC-COVID challenge
can be found here: [17].
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Table 4. Official leaderboard of the top 10 teams in the final round of the TREC-COVID challenge.

a

Team

NDCG@20a

P@20b

Bprefc

MAPd

unique_ptr

0.8496

0.8760

0.6378

0.4731

covidex

0.8311

0.8460

0.5330

0.3922

Elhuyar_NLP_team

0.8100

0.8340

0.6284

0.4169

risklick (ours)

0.7961

0.8260

0.5759

0.3789

udel_fang

0.7930

0.8270

0.5555

0.3682

CIR

0.7921

0.8320

0.5735

0.3983

uogTr

0.7921

0.8420

0.5709

0.3901

UCD_CS

0.7859

0.8440

0.4488

0.3348

sabir

0.7789

0.8210

0.6078

0.4061

mpiid5

0.7759

0.8110

0.5873

0.3903

NDCG@20: normalized discounted cumulative gain at 20 documents.

b

P@20: precision at 20 documents.

c

Bpref: binary preference.

d

MAP: mean average precision.

Model Performance Analyses
Figure 4 shows the relative improvement of the different models
in the pipeline in relation to the baseline (model 1 – bm25)
according to the NDCG@20 metric. The most significant
contribution to the final performance came from the inclusion
of the masked language models in the pipeline — model 3: mlm
+ rrf and model 4: bow + mlm + rrf — adding a relative
performance gain to the results of 22.1% and 23.8%,
respectively. The classic learning-to-rank models — model 5

and model 6 — actually jeopardized the performance when
compared to their previous model in the pipeline (model 4).
However, when model 6 was combined with model 4, a 2.1
percentage point gain was achieved on top of model 4, leading
to the best model (model 7: bow + mlm + lr + rrf). Indeed, it is
important to notice the consistent benefit of combining models
using the RRF algorithm. Interestingly, the effect of
LambdaMART seemed to be significantly detrimental for P@20,
NDCG@20, and MAP, but marginally beneficial for Bpref, for
which it is the best model.

Figure 4. Relative contribution of each model for the normalized discounted cumulative gain at document 20 (NDCG@20) metric compared to the
baseline model bm25.
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The performance of the individual masked language models is
shown in Table 5. Surprisingly, they are similar to the baseline
model, with small performance reductions for BERT and
RoBERTa models and a small performance gain for the XLNet
model. However, when combined, they provide the significant
performance improvement shown in Figure 4. Our assumption
is that they retrieve different documents as relevant and their

Teodoro et al
combination using RRF ends up aligning these documents in
the top rank. Indeed, looking at the top 3 documents for query
1 retrieved by these models, for example, there is no overlap
between the documents, with 8 relevant and 1 unjudged (out of
the 9 documents). This result clearly shows the beneficial effect
of using an ensemble of masked language models, as well as
the success of RRF in fusing their retrievals.

Table 5. Performance of the individual masked language models and their combination using reciprocal rank fusion (RRF).

a

Model

NDCG@20a

P@20b

Bprefc

MAPd

# rele

BERTf

0.6209

0.6430

0.5588

0.2897

6879

RoBERTag

0.6261

0.6440

0.5530

0.2946

6945

XLNet

0.6436

0.6570

0.5644

0.3064

6926

mlm + rrf

0.7716

0.7880

0.5680

0.3468

6963

NDCG@20: normalized discounted cumulative gain at 20 documents.

b

P@20: precision at 20 documents.

c

Bpref: binary preference.

d

MAP: mean average precision.

e

# ref: total number of relevant documents retrieved by the model for the 50 queries.

f

BERT: Bidirectional Encoder Representations from Transformers.

g

RoBERTa: robustly optimized BERT approach.

Topic Performance Analyses

significantly better performance compared to model 7 for those
queries).

The performance analyses for the individual topics shows that
our best model had a median value of 0.9000 for the P@20
metric (max=1.0000, min=0.3000), which demonstrates
successful overall performance. However, as shown in Figure
5, for some topics, notably 11, 12, 19, 33, and 50, less than 50%
of documents in the top 20 retrieved are relevant. For topics 11,
12, and 19, which searched for “coronavirus hospital rationing,”
“coronavirus quarantine,” and “what alcohol sanitizer kills
coronavirus” information, respectively, all our models have
poor performance, and indeed, the combination of the different
models in the pipeline managed to boost the results. On the
other hand, for topics 33 and 50, which searched for
“coronavirus vaccine candidates” and “mRNA vaccine
coronavirus” information, respectively, it was the combination
with the logistic regression model that lowered the performance
(notice in Figure 5 that model 4: bow + mlm + rrf has a

The difference in performance per topic between our best model
and the median of the submitted runs in round 5 for all teams
for the P@20 metric is shown in Figure 6. Indeed, topics 11,
12, and 19 seemed hard for all the models participating in the
TREC-COVID challenge to retrieve the correct documents.
Even if our best model had poor performance for those topics,
it still outperformed most of the runs submitted to the official
evaluation. In particular, topic 19 had only 9 relevant or
somewhat relevant documents in the official relevance
judgments, which means that its max performance can be at
most around 50% for the P@20 metric. For our worst
performing topics compared to the other participants — topics
33 and 50 — better tuning between the ranking weights of the
bag-of-words, masked language, and logistic regression models
could have boosted the results.
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Figure 5. Per topic precision at rank 20 (P@20) in round 5 of TREC-COVID per each run. The baseline run1 and the best-performing run7, which
benefits from neural language models, are highlighted with dashed lines. Note that for most topics, the transformer-based runs have significantly
improved performance.

Figure 6. Per topic performance difference between our best model (model 7) and the median of all official submissions for the precision at document
20 (P@20) metric in round 5.
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Time-Dependent Relevance Analyses
Given the dynamics of the COVID-19 pandemic, with a
relatively well-defined starting period, a particularly effective
technique to remove noise from the results, also adopted by
some other participating teams [22], is filtering documents based
on their publication dates. For our first-stage retrieval models,
we filtered out publications before December 2019 when the
outbreak was first detected. This led to a small negative impact
on recall but highly improved the precision of our models.
To better understand how the document relevance varied over
time, we analyzed the publication date of the official relevance
judgments for the 5 rounds of TREC-COVID. As we can see
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in Figure 7, there is a clear exponential decay pattern in the
number of relevant articles over time for all the rounds, with a
faster decay in the first rounds and a longer tail for the later
ones. We noticed that more recent publications closer to the
round start, when the snapshot of the collection was created and
queries were submitted, tended to have a higher probability of
being relevant to the information need, with a half-life of around
20 days for round 1. This is somehow expected. First, as the
documents found in previous query rounds were explored and
are no longer relevant, only the most recent data are interesting,
particularly in the gap between rounds. A second explanation
is that in the case of a pandemic, new evidence arrives at an
explosive rate, possibly refuting older knowledge.

Figure 7. Distribution of the publication dates of the “highly relevant” articles for each of the TREC-COVID rounds.

Discussion
To support effective search and discovery of COVID-19–related
relevant literature in the COVID-19 infodemic, we explored the
use of a multistage retrieval pipeline supported by bag-of-words
models, masked language models, and classic learning-to-rank
methods. The proposed methodology was evaluated in the
context of the TREC-COVID challenge and achieved
competitive results, being ranked in the top 4 of 126 runs among
28 teams participating in the challenge. The use of the multistage
retrieval approach significantly improved the search results of
COVID-related literature, leading to a gain in performance of
25.9% in terms of the NDCG@20 metric compared to a
bag-of-words baseline. Particularly, the ensemble of masked
language models brought the highest performance gain to the
search pipeline. Indeed, ensembles of language models have
proved to be a robust methodology to improve predictive
performance [53-55].
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The COVID-19 pandemic has led to a huge amount of literature
being published in the most diverse sources, including scientific
journals, grey repositories, and white reports, among others. As
the pandemic continues, the number of scientific publications
grows at an unprecedented rate causing an infodemic within
many of the different disciplines involved [3]. Finding the most
relevant information sources to answer different information
needs within the huge volume of data created had become of
utmost necessity [2]. By enabling the discovery of relevant
information sources to complex user queries, effective retrieval
models as proposed in this work may help to tackle the spread
of misinformation. Such models empower experts with a
minimal cost to search and discover information sources within
a massive and fast-evolving corpus. Indeed, our model provides
relevant information sources for more than 8 documents in the
top-10 rank. Thus, continuous active search methods could be
put in place to monitor and discover sources of evidence to
certain query topics of relevant public health interest (eg,
“coronavirus origin”) in a timely manner. This in turn, would
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enable experts to analyze, identify, and curate both sources of
the best evidence at the time and sources of misinformation.
The former would foster the creation among others of living
systematic reviews [56,57], which is one of the
recommendations of the WHO to tackle the COVID infodemic
[2]. On the other hand, the latter could help fight, for example,
the spread of scientific fake news by early retraction of
misinforming articles, particularly in preprint servers, and thus
limiting their exposition.
Looking at the boost in performance of model 3 (mlm + rrf)
alone, one could be tempted to argue that masked language
models could be the main component in a retrieval system.
However, 2 issues may arise: algorithmic complexity and search
effectiveness. The former is related to the high complexity of
masked language models (O(n2 · h), where n is the sentence
length and h is the number of attention heads), which makes it
prohibitive to classify a whole collection, often containing
millions of documents, for every given query. The latter is
related to the effectiveness of the individual models themselves.
As shown in Table 5, individually, the performance of the
language models is not significantly different from the baseline
BM25 model. Thus, we believe it is the combination of models
with different properties that can provide a successful search
strategy in complex corpora, such as the one that originated
from the COVID-19 infodemic.
In terms of practical implications, by effectively processing
natural language, the methodology proposed can help biomedical
researchers and clinicians to find the COVID-19 papers that
they need. The efficient literature discovery process fostered
by our methods may lead to faster publication cycles when
required, for example reducing from weeks to days the drafting
time of COVID-19 reviews [58], but also to less costly creation
of curated living evidence portals, which will inform clinicians
and public health officers with the best available evidence [59].
Indeed, as shown in [27,60], these methodologies outperform
commercially available tools for searching and discovering
COVID-19–related literature. Moreover, as they are data-driven,
it is expected that they can be extrapolated to other types of
corpora, such as clinical trial protocols and biomedical metadata
datasets [60,61], enabling thus a more comprehensive
identification of scientific evidence. Equally important, as the
COVID-19 infodemic is not the first and unlikely the last
[62,63], our methodology and findings could be extended to
help tackling future epi-, pan-, and infodemics by supporting
relevant actors to scan large and fast-changing collections to
create timely reviews and curated evidence and apply localized
infodemic management approaches.
With the rapid surge of published information and the variety
of topics and sources related to COVID-19, it became hard for
professionals dealing with the pandemic to find the correct
information for their needs. While the automation discussed in
this work can support more effective search and discovery, some
high-level topics are still challenging. Indeed, some topics
assessed in the TREC-COVID challenge were shown to be
particularly hard for the retrieval models. For example, for topic
11, which searched for documents providing information on
“guidelines for triaging patients infected with coronavirus,” our
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best model prioritized documents providing information about
indicators for diagnosis (eg, “early recognition of coronavirus,”
“RT-PCR testing of SARS-CoV-2 for hospitalized patients
clinically diagnosed”). On the other hand, it missed documents
including passages such as “telephone triage of patients with
respiratory complaints.” Similarly, for topic 12, which searched
information about the “best practices in hospitals and at home
in maintaining quarantine,” our model prioritized documents
providing information about “hospital preparedness” (eg,
“improving preparedness for,” “preparedness among hospitals”)
and missed documents containing information about
“home-based exercise note in Covid-19 quarantine situation.”
The methodology proposed has some limitations. First, it fails
to explore transfer learning of learning-to-rank datasets. While
the top-ranked teams all used multistage retrieval approaches,
confirming the value of such methodology in modern retrieval
models [18,23], the reranking strategy within the different
pipelines varied slightly among the participants. For example,
the top-ranked team used transfer learning from the MS
MARCO learning-to-rank dataset and from a zero-shot learning
approach. Other teams in the top 3 used transfer learning from
a silver collection, based on the known item search technique
[64]. Second, while we explored the combination of different
topic items to build our queries, we failed to work on the
document indexing unit, leaving all the normalization work to
the probabilistic weighting models. As the COVID-19 literature
comes from heterogeneous collections, containing sometimes
only title and sometimes large full text, even with good
finetuning of the model parameters, such variation in size and
content poses a challenge to the first-stage retrieval model.
Indeed, some strategies that explored decomposing the indexing
unit into small structures, such as sentences and paragraphs,
have achieved more competitive results [23].
Another limitation of our work was the ability to explore the
freshness of the corpus. The TREC-COVID challenge dynamics,
running throughout a sequence of rounds with new incremental
search topics added on each round, provides an interesting
setting for evaluating retrieval models in an infodemic context.
It simulates typical search and discovery workflows, in which
evolving queries are posed against an evolving body of
knowledge over time, and already discovered documents in
previous searches are no longer relevant [65,66]. A successful
strategy in this case is to filter out results according to a cut-off
date, thus reducing noise in the retrieval set. However, in
retrospect, we noticed that another useful technique, which is
very natural to an infodemic case, could be to decay the score
of publications by their distance to the present time or explore
their recency or freshness [67,68], as highlighted in Figure 7,
rather than a hard cut-off (ie, December 2019 in our case) for
all the rounds. We leave exploring such a strategy as future
work.
To conclude, we believe our information retrieval pipeline can
provide a potential solution to help researchers, decision makers,
and medical doctors, among others, search and find the correct
information in the unique situation caused by the COVID-19
pandemic. We detailed the different components of this pipeline,
including the traditional index-based information retrieval
methods and the modern NLP-based neural network models,
J Med Internet Res 2021 | vol. 23 | iss. 9 | e30161 | p.1671
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
as well as insights and practical recipes to increase the quality
of information retrieval of scientific publications targeted to the
case of an infodemic. We grounded our results in the
TREC-COVID challenge, where around 50 different teams
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participated in the 5 rounds of the competition. We showed very
competitive results as judged by the official leaderboard of the
challenge. Apart from the COVID-19 case, we believe our
solutions can also be useful for other potential future infodemics.
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Abstract
Background: Fatigue is the most commonly reported symptom in patients with persistent complaints following COVID-19 (ie,
long COVID). Longitudinal studies examining the intensity of fatigue and differentiating between physical and mental fatigue
are lacking.
Objective: The objectives of this study were to (1) assess the severity of fatigue over time in members of online long COVID
peer support groups, and (2) assess whether members of these groups experienced mental fatigue, physical fatigue, or both.
Methods: A 2-wave web-based follow-up study was conducted in members of online long COVID peer support groups with a
confirmed diagnosis approximately 3 and 6 months after the onset of infectious symptoms. Demographics, COVID-19 diagnosis,
received health care (from medical professionals or allied health care professionals), fatigue (Checklist Individual Strength–subscale
subjective fatigue [CIS-Fatigue]; 8-56 points), and physical and mental fatigue (self-constructed questions; 3-21 points) were
assessed. Higher scores indicated more severe fatigue. A CIS-Fatigue score ≥36 points was used to qualify patients as having
severe fatigue.
Results: A total of 239 patients with polymerase chain reaction/computed tomography–confirmed COVID-19 completed the
survey 10 weeks (SD 2) and 23 weeks (SD 2) after onset of infectious symptoms, respectively (T1 and T2). Of these 239 patients,
198 (82.8%) were women; 142 (59.4%) had no self-reported pre-existing comorbidities; 208 (87%) self-reported being in good
health before contracting COVID-19; and 62 (25.9%) were hospitalized during acute infection. The median age was 50 years
(IQR 39-56). The vast majority of patients had severe fatigue at T1 and T2 (n=204, 85.4%, and n=188, 78.7%, respectively). No
significant differences were found in the prevalence of normal, mild, and severe fatigue between T1 and T2 (P=.12). The median
https://www.jmir.org/2021/9/e30274
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CIS-Fatigue score was 48 points (IQR 42-53) at T1, and it decreased from T1 to T2 (median change: –2 points, IQR –7 to 3;
P<.001). At T1, a median physical fatigue score of 19 points (IQR 16-20) and a median mental fatigue score of 15 points (IQR
10-17) were reported; these scores were lower at T2 for physical but not for mental fatigue (median change for physical fatigue
–1 point, IQR –3 to 0, P<.001; median change for mental fatigue 0 points, IQR –3 to 3, P=.52). At the time of completing the
follow-up survey, 194/239 (81.2%) and 164/239 (68.6%) of all patients had received care from at least one medical professional
and one allied health care professional, respectively.
Conclusions: Fatigue in members of online long COVID support groups with a confirmed COVID-19 diagnosis decreases from
10 to 23 weeks after onset of symptoms. Despite this, severe fatigue remains highly prevalent. Both physical and mental fatigue
are present. It remains unclear whether and to what extent fatigue will resolve spontaneously in the longer term.
Trial Registration: Netherlands Trial Register NTR8705; https://www.trialregister.nl/trial/8705.
(J Med Internet Res 2021;23(9):e30274) doi:10.2196/30274
KEYWORDS
COVID-19; SARS-CoV-2; long COVID; post-COVID-19 syndrome; post-acute sequelae of COVID-19; fatigue; post-viral
fatigue; pandemic; online health; mental health; online support

Introduction
As the current COVID-19 pandemic continues to evolve, its
impact becomes apparent. Clinical studies of hospitalized,
laboratory-confirmed patients have shown that the acute phase
of COVID-19 is characterized by a large array of respiratory
and non-respiratory symptoms [1]. Over time, it has become
clear that not all previously hospitalized patients fully recover
from these symptoms in the months after the infection [2,3]. In
addition, nonhospitalized patients can present persistent
complaints months after the onset of infection-related symptoms
[4]. These long-lasting symptoms after COVID-19 are referred
to as long COVID [5], “a condition whereby affected individuals
do not recover for several weeks or months following the onset
of symptoms suggestive of COVID-19” [6], and they have a
major impact on patients’ quality of life (QoL) [7,8], care
dependency [9], work participation [10,11], day-to-day
activities, and physical functioning [12-14].
Fatigue, defined as “a subjective, unpleasant symptom which
incorporates total body feelings ranging from tiredness to
exhaustion creating an unrelenting overall condition which
interferes with individuals’ ability to function to their normal
capacity” [15], is the most commonly reported symptom in
patients with long COVID [2-4,16]. Similarly, other infections,
such as severe acute respiratory syndrome (SARS) [17,18],
Middle East respiratory syndrome (MERS) [19], and Q fever
[20] have previously been linked to long-term fatigue, often
referred to as postviral fatigue syndrome. Existing literature
suggests that fatigue has several clinical presentations. A
common distinction is made between physical fatigue (ie,
difficulty performing physical activities) and mental fatigue (ie,
difficulties concentrating and performing cognitive tasks) [21].
To date, longitudinal studies that examine fatigue intensity in
patients with long COVID are lacking. Moreover, it is not
known whether patients experience mostly mental or physical
fatigue during and after the infection. Therefore, the objectives
of this study were to (1) assess the severity of fatigue over time
in members of online long COVID peer support groups; and
(2) assess whether members of online long COVID peer support
groups experience mental fatigue, physical fatigue, or both. We
https://www.jmir.org/2021/9/e30274
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hypothesized that fatigue would be common and persistent and
that both physical and mental fatigue would be present in
patients with long COVID.

Methods
Study Design and Participants
This study is a prospective web-based survey of members of
two Facebook peer support groups for patients with long COVID
in the Netherlands (approximately 11,000 members; [22]) and
Flanders (Belgium, approximately 1200 members; [23]), and a
panel of approximately 1200 people who registered at a website
of the Netherlands Lung Foundation (coronaplein [24]), an
online platform providing additional information, advice, and
peer support. Note that these totals represent the number of
members of each group at the period of data collection. Between
June 4 and June 11, 2020 (the time point of completing the first
survey [T1]), members were invited to complete a web-based
survey. Participants who completed the first survey [4,8,9] and
who agreed to be contacted for a follow-up study received a
second survey between August 31 and September 8, 2020 (ie,
approximately three months after the first survey; the time point
of completing the second survey [T2]). Ethical approval for this
study was waived by the medical ethics committee of Maastricht
University because the Medical Research Involving Human
Subjects Act (WMO) does not apply to this study
(METC2020-1978 and METC2020-2254). The medical ethics
committee of Hasselt University formally judged and approved
the study (MEC2020/041). Digital informed consent was
obtained twice from all respondents (at the start of each survey).
Exclusion criteria were intensive care unit (ICU) admission
during the acute phase of infection, an onset of symptoms before
January 1, 2020, being in the acute phase of COVID-19 when
answering the first survey (ie, onset of infectious symptoms
less than 3 weeks before filling out the first survey [25]), or an
incomplete survey. Cross-sectional and follow-up data from
this study on persistent symptoms, QoL, care dependency,
construct-validity of the post–COVID-19 functional status scale,
and information and care needs of members of online long
COVID peer support groups have been published before
[4,8,9,11,26,27]. This 2-wave web-based follow-up study was
registered at the Netherlands Trial Registry (NTR8705). The
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Strengthening the Reporting of Observational Studies in
Epidemiology (STROBE) checklist was used to guide reporting
[28]. Of note: the current study focusses on patients with a
confirmed COVID-19 diagnosis (ie, test-diagnosed cases). The
results for the patients without a confirmed COVID-19 diagnosis
are presented in Multimedia Appendix 1.

Assessment via Web-Based Surveys
The survey was developed in close collaboration with scientists,
methodologists, health care professionals and COVID-19
patients from the long COVID peer support groups (the
Netherlands and Flanders). It was digitalized by ASolutions
[29] and was made available via their online platform. The
survey consisted of general questions regarding demographics,
clinical characteristics, and standardized questionnaires,
including a fatigue questionnaire.

Demographic and Clinical Characteristics
Respondents received questions regarding demographical
aspects such as gender, age, weight, height, educational level
(low/medium/high; classification according to the International
Standard Classification of Education 2011 [30]), and
married/living with a partner (yes/no). In addition, the following
clinical characteristics were assessed via self-report: pre-existing
comorbidities (see Multimedia Appendix 2), health status
(good/moderate/poor) during the infection and at the moment
of completing the surveys, date of symptom onset, symptoms
during acute phase of COVID-19 and at the moment of
completing the surveys (see Multimedia Appendix 2),
COVID-19–related hospitalization, and COVID-19 diagnosis
(based on reverse transcription polymerase chain reaction (PCR)
test or computed tomography (CT) scan of the
thorax/symptom-based medical diagnosis by a physician/no
formal test or diagnosis). Based upon the latter, patients were
classified as either “test-diagnosed” COVID-19 (PCR or CT)
or “presumed” COVID-19 (physician-diagnosed or no formal
diagnosis/testing).

Received Health Care
Information regarding received health care (yes/no) by a medical
professional (eg, medical specialist; general practitioner [GP];
nurse) or an allied health care professional (AHP; eg,
physiotherapist [PT]; psychologist; occupational therapist [OT];
dietician; speech and language therapist) was recorded.

Standardized Fatigue Questionnaire
Fatigue, the primary outcome measure, was measured using a
subscale of the Checklist Individual Strength (CIS). The
Checklist Individual Strength–subscale subjective fatigue
(CIS-Fatigue) is a standardized questionnaire [31,32] with high
internal consistency and test-retest reliability; good discriminant,
concurrent and criterion validity; and ability to detect change
in subjective fatigue [33-37]. The questionnaire consists of 8
items scored on a 7-point Likert scale. Scores range from 8 to
56 points, and a higher score indicates more clinical symptoms
of general fatigue (see Multimedia Appendix 3 for the
CIS-Fatigue questionnaire) [31,32]. Based upon validated cutoff
values, individuals can be classified as having normal (≤26
points), mild (27-35 points), and severe (≥36 points) fatigue
[31-33].
https://www.jmir.org/2021/9/e30274
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Self-constructed Physical and Mental Fatigue Questions
A total of 3 self-constructed questions (all part of the
CIS-Fatigue subscale) were used to evaluate physical fatigue
(“Physically I feel exhausted,” “Physically I feel I am in a bad
condition,” and “Physically I feel in a good shape”). In addition,
to differentiate between physical and mental fatigue, 3 questions
were constructed in which the word “physically” was replaced
by the word “mentally” (“Mentally I feel exhausted,” “Mentally
I feel I am in a bad condition,” and “Mentally I feel in a good
shape,” respectively) to estimate mental fatigue. The physical
and mental fatigue questions were scored on a 7-point Likert
scale, with scores ranging from 3 to 21 points. A higher score
indicates worse physical and mental fatigue, respectively. These
self-constructed physical and mental fatigue questions and
explanations of the scoring are reported in Multimedia Appendix
4.

Statistical Analyses
Data are presented as means and standard deviations, medians,
and interquartile ranges or as frequencies and proportions, where
appropriate. Differences over time were analyzed by a paired
t-test (or Wilcoxon signed-rank test) in continuous data and a
McNemar test (or McNemar-Bowker test) in categorical data.
If significant, a post hoc comparison of the McNemar-Bowker
test was performed, and significant Bonferroni-adjusted P values
were generated as corrections for multiple comparison.
Statistical analyses were conducted using SPSS 25.0 (IBM
Corporation). Figures were generated via GraphPad Prism 8.3.5
(GraphPad Software) and SankeyMATIC [38]. The level of
significance was set at .01 for all statistical tests (two-tailed).

Results
Participants’ Inclusion
In total, 2159 members of online long COVID peer support
groups filled out the first survey, of which 220 were excluded
for being in the acute phase of COVID-19 (n=14), ICU
admission during the acute phase of COVID-19 (n=15), onset
of symptoms before January 1, 2020 (n=8), and an incomplete
first survey (n=183). From the 1939 patients who were included,
1556 consented to be approached for follow-up research, of
which 1005 (64.6%) completed the second survey. Patients who
did not respond to the second survey were younger and more
often had a presumed COVID-19 diagnosis. Further details can
be found in a previously published paper [11]. The 1005 patients
completed the surveys on average 11.3 weeks (SD 2.2) and 23.5
weeks (SD 2.2) after onset of symptoms (T1 and T2,
respectively). Overall, 239 test-diagnosed (hospitalized, n=62,
and nonhospitalized, n=177) and 766 presumed
(physician-diagnosed, n=454, and patients with no formal
diagnosis/testing, n=312) patients with COVID-19 participated
in this 2-wave web-based survey (see Multimedia Appendix 5
for the flowchart).

Demographical and Clinical Characteristics
Patients with confirmed COVID-19 were mostly middle-aged
women (median age 50.0 years, IQR 39.0-56.0; 198/239 women,
82.8%) with a BMI indicating slight overweight (median BMI
26.0 kg/m2, IQR 23.4-30.5), and they completed the first (T1)
J Med Internet Res 2021 | vol. 23 | iss. 9 | e30274 | p.1678
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
and second (T2) survey on average 10.4 weeks (SD 2.4) and
22.6 weeks (SD 2.4) after onset of symptoms. Approximately
1 out of 4 patients (62/239, 25.9%) was hospitalized during the
acute phase of COVID-19. The majority of respondents had no
self-reported comorbidities (142/239, 59.4%) and good
self-reported health status before the infection (208/239, 87%).
Moreover, at T1 and T2, a minority of respondents self-reported
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good health (22/239, 9.2%, and 40/239, 16.7%, respectively
[11]). Furthermore, patients retrospectively reported a median
of 15 symptoms (IQR 11-18) during the acute phase of
COVID-19, and 6 symptoms (IQR 4-9) and 6 symptoms (IQR
3-8) at T1 and T2, respectively. All details regarding patient
characteristics can be found in Table 1.

Table 1. Characteristics of patients with confirmed COVID-19 (n=239).
Characteristic

Value

Women, n (%)

198 (82.8)

Age (years), median (IQR)

50.0 (39.0-56.0)

2

BMI (kg/m ), median (IQR)

26.0 (23.4-30.5)

Time between onset of symptoms and T1a survey (weeks), mean (SD)

10.4 (2.4)

Time between onset of symptoms and T2b survey (weeks), mean (SD)

22.6 (2.4)

Married/living with partner, n (%)

173 (72.4)

Educational level, n (%)
Low

6 (2.5)

Medium

126 (52.7)

High

107 (44.8)

Pre-existing comorbidities, n (%)
None

142 (59.4)

1

62 (25.9)

≥2

35 (14.6)

Health status before infection, n (%)
Good

208 (87)

Moderate

28 (11.7)

Poor

3 (1.3)

Health status at T1, n (%)
Good

22 (9.2)

Moderate

156 (65.3)

Poor

61 (25.5)

Number of symptoms, median (IQR)
During acute infection

15 (11-18)

At T1

6 (4-9)

At T2

6 (3-8)

Hospitalized during acute infection, n (%)
a

62 (25.9)

T1: time of completing the first survey.

b

T2: time of completing the second survey.

Received Health Care
During the first 10 weeks after the onset of symptoms, 2 out of
3 patients (157/239, 65.7%) received or sought care from at
least one medical professional (GP: 139/239, 58.2%; medical
specialist: 73/239, 30.5%; nurse: 18/239, 7.5%), whereas 1 out
of 3 (90/239, 37.7%) received or sought care from at least one
allied health care professional (PT: 76/239, 31.8%; psychologist:
27/239, 11.3%; OT: 7/239, 2.9%, dietician: 25/239, 10.5%; and
https://www.jmir.org/2021/9/e30274
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speech and language therapist: 6/239, 2.5%). The cumulative
proportion of patients who received care from a medical
professional and allied health care professional at T2
respectively increased significantly to 81.2% (194/239; GP:
170/239, 71.1%; medical specialist: 131/239, 54.8%; nurse:
32/239, 13.4%; all P<.001) and 68.6% (164/239; PT: 157/239,
65.7%; psychologist: 55/239, 23%; OT: 27/239, 11.3%;
dietician, 51/239, 21.3%; speech and language therapist, 21/239,
8.8%; all P<.001). Furthermore, the cumulative proportion of
J Med Internet Res 2021 | vol. 23 | iss. 9 | e30274 | p.1679
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program (in- or outpatient) increased significantly from T1 to
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T2 (10/239, 4.2%, to 32/239, 13.4%, respectively; P<.001).
Details regarding received health care can be found in Table 2.

Table 2. Fatigue-related measures and received health care in patients with confirmed COVID-19 at on average 10 weeks (T1) and 23 weeks (T2) after
onset of symptoms (n=239).
Value
T1a

T2b

P value

General fatigue (points on CIS-Fatiguec scale), median (IQR)

48 (42-53)

46 (37-50)

<.001

Severe fatigue, n (%)

204 (85.4)

188 (78.7)

.03

Mental fatigue (points on self-constructed questions), median (IQR)

15 (10-17)

14 (10-17)

.52

Physical fatigue (points on self-constructed questions), median (IQR)

19 (16-20)

18 (14-19)

<.001

157 (65.7)

194 (81.2)

<.001

General practitioner

139 (58.2)

170 (71.1)

<.001

Medical specialist

73 (30.5)

131 (54.8)

<.001

Nurse

18 (7.5)

32 (13.4)

<.001

90 (37.7)

164 (68.6)

<.001

Physiotherapist

76 (31.8)

157 (65.7)

<.001

Psychologist

27 (11.3)

55 (23)

<.001

Occupational therapist

7 (2.9)

27 (11.3)

<.001

Dietician

25 (10.5)

51 (21.3)

<.001

Speech and language therapist

6 (2.5)

21 (8.8)

<.001

10 (4.2)

32 (13.4)

<.001

Fatigue-related measures

Received health care from a medical professional, n (%)
Received care from ≥1 medical professionals

Received health care from an allied health care provider, n (%)
Received care from ≥1 allied health care providers

Rehabilitation (in- or outpatient), n (%)
a

T1: time of completing the first survey.

b

T2: time of completing the second survey.

c

CIS-Fatigue: Checklist Individual Strength–subscale subjective fatigue.

Standardized Fatigue Questionnaire
Patients with confirmed COVID-19 reported a median
CIS-Fatigue score of 48 points (IQR 42-53) at T1. The majority
(204/239, 85.4%) reported severe fatigue at approximately 3
months after the onset of COVID-19 symptoms. The median
CIS-Fatigue score improved significantly between T1 and T2
(median change –2 points, IQR –7 to 3; P<.001) (Table 2),
whereas no significant differences were found in the proportions
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of normal, mild, or severe fatigue (P=.12). An overview of the
proportions of patients with normal, mild, and severe fatigue at
T1 and T2, the proportional flow, and the direction of change
can be found in Figure 1. In addition, Multimedia Appendix 6
shows the proportion, flow, and direction of the change of
fatigue stratified for the type of diagnosis (ie, hospitalized and
nonhospitalized test-diagnosed patients, physician-diagnosed
patients, and patients without a formal diagnosis/test).
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Figure 1. Prevalence and change in fatigue in patients with long COVID who have confirmed COVID-19, measured using the CIS-Fatigue scale at on
average 10 (T1) and 23 (T2) weeks after onset of symptoms (n=239). The width of the lines is proportional to the flow rate. No significant change in
the prevalence of normal (≤26 points), mild (27-35 points), or severe (≥36 points) fatigue was found between T1 and T2 (McNemar-Bowker test, P=.12).
CIS-Fatigue: Checklist Individual Strength–subscale subjective fatigue; T1: time of completing the first survey; T2: time of completing the second
survey.

Self-constructed Physical and Mental Fatigue
Questions
Patients with confirmed COVID-19 reported median physical
and mental fatigue scores of 19 points (IQR 16-20) and 15 points
(IQR 10-17) at T1. Between T1 and T2, a significant decrease
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was found in physical fatigue score (median change –1 point,
IQR –3 to 0; P<.001), but not in mental fatigue score (median
change 0 points, IQR –3 to 3; P=.52) (Table 2). Figure 2 shows
the distributions of patients across the spectrum of physical and
mental fatigue at T1 and T2.
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Figure 2. The distribution of patients with long COVID who have confirmed COVID-19 across the spectrum of self-constructed mental (left) and
physical (right) fatigue at on average 10 (T1) and 23 (T2) weeks after onset of symptoms (n=239). Scores range from 3 to 21 points, and higher scores
indicate higher levels of fatigue. T1: time of completing the first survey; T2: time of completing the second survey.

Discussion
Principal Findings
To the best of our knowledge, this is the first study to measure
fatigue over time in members from online long COVID peer
support groups with confirmed COVID-19 using a validated
and standardized measurement with generic cutoff values to
determine normal, mild, and severe fatigue. Our study indicates
that severe fatigue is highly prevalent in patients with long
COVID at approximately 3 and 6 months after the infection.
Furthermore, our longitudinal follow-up data suggest that fatigue
does not resolve over time in all patients, even if they receive
health care. In addition, patients experience both physical and
mental fatigue.
Fatigue is the most prominent symptom in patients with long
COVID [2,4], irrespective of the severity of the initial infection
[14]. Nevertheless, most studies are cross-sectional and use a
binary question (eg, fatigued/not fatigued) to assess the
prevalence of fatigue [2,16,39]. Therefore, little is known about
the change in fatigue intensity over time [14,40]. Our study
used a validated and standardized questionnaire to assess fatigue
and was able to quantify fatigue intensity. Indeed, fatigue is
highly prevalent in our sample. Moreover, fatigue was reported
to be generally high. The median fatigue scores found in our
sample are equal to or higher than those of other chronic diseases
that are characterized by fatigue, such as chronic obstructive
pulmonary disease [41], asthma [42], Q fever [20], multiple
sclerosis [43], rheumatoid arthritis [44], or systemic sclerosis
[45]. These findings are remarkable for such a young population
with few self-reported comorbidities and good self-reported
health status before the infection. Previously, other viral and
nonviral infections have been linked to prolonged and
debilitating fatigue [20,46-50]. For example, Lam and colleagues
investigated long-term complaints in SARS survivors and found
that approximately one-third of SARS survivors met the
modified 1994 US Centers for Disease Control and Prevention
criteria for chronic fatigue syndrome more than 3 years after
having SARS [17]. Moreover, MERS survivors often experience
chronic fatigue [19]. For patients with long COVID, it remains
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unclear whether fatigue will resolve spontaneously in the longer
term. Our follow-up data show little to no improvement in the
proportion of patients with severe fatigue between 3 and 6
months, despite receiving medical and allied health care.
Consequently, almost two-thirds of the patients in our sample
are progressing toward chronic fatigue (ie, severe fatigue that
persists longer than six months [51]). The fact that some patients
may experience debilitating chronic fatigue is worrisome and
could have a major long-term impact upon these individuals as
well as on the health care system and society as a whole
[10,11,52]. Indeed, fatigue is strongly related to health-related
QoL and aspects of day-to-day life [14,25,53,54], and it often
involves sick leave, increased health care consumption, and
more hidden costs, such as informal care by friends or family
members [55-57].
Fatigue is a complex and challenging symptom, as multiple
factors can play a role in the initiation and maintenance of
fatigue, as seen in other chronic diseases [58]. It can present
itself as mental fatigue, physical fatigue, or both [40]. Therefore,
a patient-tailored treatment based upon a holistic and
comprehensive assessment of systemic, physical, psychological,
and behavioral factors is proposed to alleviate the fatigue
symptom burden [59]. To date, it remains unknown which
treatment strategies are effective to improve fatigue in patients
with long COVID. Several treatment strategies for fatigue are
proposed based upon knowledge from the fast-growing evidence
regarding COVID-19 and other pathologies, such as
multidisciplinary rehabilitation, energy conservation techniques,
pacing, cognitive behavioral therapy, graded exercise therapy,
or physical training [25,54,60-65]. Future research needs to
provide evidence regarding underlying pathways, evaluate the
effectiveness of existing treatment strategies, and identify
susceptible candidates, as it is expected that not everyone will
benefit from the same treatment strategy due to the multifactorial
nature of fatigue. Moreover, anecdotal evidence shows that
patients report having within-day and between-day variations
in their daily symptoms, including fatigue [54,66,67]; these
cannot be captured in detail by completing a questionnaire once
or twice over a longer period of time. In this, the use of an
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ecological momentary assessment may be valuable, as this
approach involves repeated measurements of the participant’s
symptoms, behavior, and context in vivo and in real time [68].
More insights in diurnal variation in fatigue and its association
with other symptoms may be useful in the development of more
tailored treatment strategies for fatigue in patients with long
COVID.

Methodological Considerations and Limitations
The current study has several limitations. First, the survey was
only made available to members of online long COVID peer
support groups. This probably caused selection bias, as it is
reasonable to assume that patients with high symptom burden
are more likely to become members of online long COVID peer
support groups. Second, all results were collected using a
web-based survey. Therefore, besides the self-reported
symptoms, the patients’ height, body weight, and medical status
before and during the infection were also based on self-report,
which may have affected the internal validity of the current
findings to some extent. Recently, the National Institute for
Health and Care Excellence [69] proposed a case definition of
long COVID whereby alternative diagnosis should be excluded
when identifying patients with long COVID. Due to the nature
and timing of this study (ie, early phase of the pandemic), this
was not possible in the current study. Third, approximately 1
out of 3 participants who consented to be approached for
follow-up research did not respond to the second wave of the
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survey. The authors have no information about the possible
reasons for not responding to the second wave of the survey,
although a between-group comparison was made to find possible
differences [11]. Fourth, the majority of our sample were
women, which limits our external validity. Nevertheless,
evidence is growing that women are more prone to develop long
COVID [70]. Fifth, self-constructed questions were used to
quantify mental fatigue, although validated questionnaires (such
as the Chalder fatigue index) to assess mental (and physical)
fatigue are available [71]. Therefore, no definite conclusions
on the burden of mental fatigue in online long COVID peer
support groups can be drawn based on the current study.
Nevertheless, the current results indicate that COVID-19 can
impact both physical and mental fatigue in the long term.
Furthermore, this study was conducted in adults, although
evidence regarding long COVID in children and adolescents is
starting to emerge [72,73].

Conclusions
Severe fatigue is highly prevalent in members of online long
COVID peer support groups both at approximately 3 and 6
months after onset of symptoms. As not enough time has passed
since the start of the COVID-19 pandemic, it is unclear whether
this fatigue will resolve spontaneously in the longer term. Future
research needs to focus on the prognosis, possible causes, and
treatment strategies for physical and mental fatigue in patients
with long COVID.
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Abstract
Background: Inpatient health care facilities restricted inpatient visitation due to the COVID-19 pandemic. There is no existing
evidence of how they communicated these policies to the public nor the impact of their communication choices on public
perception.
Objective: This study aims to describe patterns of inpatient visitation policies during the initial peak of the COVID-19 pandemic
in the United States and the communication of these policies to the general public, as well as to identify communication strategies
that maximize positive impressions of the facility despite visitation restrictions.
Methods: We conducted a sequential, exploratory, mixed methods study including a qualitative analysis of COVID-19 era
visitation policies published on Pennsylvania-based facility websites, as captured between April 30 and May 20, 2020 (ie, during
the first peak of the COVID-19 pandemic in the United States). We also conducted a factorial survey-based experiment to test
how key elements of hospitals’ visitation policy communication are associated with individuals’ willingness to seek care in
October 2020. For analysis of the policies, we included all inpatient facilities in Pennsylvania. For the factorial experiment, US
adults were drawn from internet research panels. The factorial survey-based experiment presented composite policies that varied
in their justification for restricted visitation, the degree to which the facility expressed ownership of the policy, and the inclusion
of family-centered care support plans. Our primary outcome was participants’ willingness to recommend the hypothetical facility
using a 5-point Likert scale.
Results: We identified 104 unique policies on inpatient visitation from 363 facilities’ websites. The mean Flesch-Kincaid Grade
Level for the policies was 14.2. Most policies prohibited family presence (99/104, 95.2%). Facilities justified the restricted
visitation policies on the basis of community protection (59/104, 56.7%), authorities’ guidance or regulations (34/104, 32.7%),
or scientific rationale (23/104, 22.1%). A minority (38/104, 36.5%) addressed how restrictive visitation may impair family-centered
care. Most of the policies analyzed used passive voice to communicate restrictions. A total of 1321 participants completed the
web-based survey. Visitation policy elements significantly associated with willingness to recommend the facility included
justifications based on community protection (OR 1.44, 95% CI 1.24-1.68) or scientific rationale (OR 1.30, 95% CI 1.12-1.51),
rather than those based on a governing authority. The facility expressed a high degree of ownership over the decision (OR 1.16,
95% CI 1.04-1.29), rather than a low degree of ownership; and inclusion of family-centered care support plans (OR 2.80, 95%
CI 2.51-3.12), rather than no such support.
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Conclusions: Health systems can immediately improve public receptiveness of restrictive visitation policies by emphasizing
community protection, ownership over the facility’s policy, and promoting family-centered care.
(J Med Internet Res 2021;23(9):e28897) doi:10.2196/28897
KEYWORDS
family-centered care; hospital policy; public health; health communication; ethics; health systems; public perceptions; COVID-19;
pandemic

Introduction
During the global COVID-19 pandemic, health systems rapidly
changed procedures and policies to minimize viral transmission
and accommodate increased patient volumes and illness acuity
[1]. One example of such a policy change is the restriction or
elimination of family presence in inpatient settings [2-7]. The
Centers for Disease Control and Prevention (CDC), the Center
for Medicare and Medicaid Services, and national professional
organizations recommended that health systems limit the
presence of patients’ family members to reduce viral spread
[2,8,9]. This recommendation reverses decades of policy and
cultural evolution emphasizing the integral role of family
members during inpatient care, based on research demonstrating
that family presence during hospitalization improves patients’
and family members’ outcomes [2,3,10,11]. The language health
systems use to communicate such policy changes likely shapes
public perceptions of inpatient health care facilities at a time
when there is an increased need for urgent medical care [12,13].
In the last two decades, the internet has become a critical vehicle
in communicating information during public health emergencies
[14]. During past crises, the public reported relying on health
websites and physicians as trustworthy information sources.
Prior work reveals that when the public lacks trust in a health
care system, individuals are less willing to cooperate with health
recommendations and seek the health services offered [15].
Communication during crises shapes individuals’ trust in health
care systems through modifying their perceptions of the
institutions’ competency, responsibility, and ability to fulfill its
obligations to the public [16]. Therefore, effective
communication of novel, crisis-era policies by health systems
is critical to promoting public health and trust.
Crisis communication during a public health emergency is most
useful when leveraged to improve community health and
outcomes, rather than aimed to promote the reputation or image
of an organization [16-18]. For example, the Crisis and
Emergency Risk Communication (CERC) framework [19],
which was developed by the CDC, merges both risk
communication (ie, stakeholder-tailored communication focused
on promoting behavior change) and crisis communication (ie,
communication to reduce the negative effects of a crisis on
stakeholders). CERC emphasizes that communication is critical
to reducing health and psychological stressors during a crisis,
in part through reestablishing a sense of personal control and
encouraging self-efficacy. In this way, the current understanding
of crisis communication is that its ultimate goal is not to inform
the public but rather to develop high-quality social relationships
[14,16,20].
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Inpatient visitation policies are an example of crisis
communication provided by health systems during the
COVID-19 pandemic, and these frequently appear on health
systems’ public websites. Despite widespread attention in the
lay press [21-24], there is no published evidence systematically
summarizing how health systems implemented national
recommendations for restricted inpatient visitation, how they
communicated these policies to the general public, and the
impact of their communication choices on the public’s
willingness to engage with the health care system. Therefore,
we sought to characterize external communication made by
inpatient health care facilities regarding their visitation policies
during the COVID-19 pandemic. We aimed to identify key
strategies for communicating such policies to improve their
public reception [10]. To do so, we aimed to (1) describe the
visitation policies of inpatient health care facilities during the
COVID-19 pandemic, (2) classify patterns of how facilities
communicated these policies to the public, and (3) identify
associations between these communication patterns and public
perception of the facility.

Methods
Overview
We conducted a sequential exploratory mixed-methods study
[25]: first, we conducted a qualitative content analysis of
visitation policies published on the internet by inpatient health
care facilities during the COVID-19 era, followed by a factorial
survey-based experiment to identify associations between
elements of visitation policy communication and individuals’
perceptions of the facilities.

Qualitative Analysis of Visitation Policy
Communication
We identified inpatient health care facilities using the
Pennsylvania Department of Health directory. We collected text
and screenshots of each facility’s inpatient visitation policy
from their websites between April 30 and May 20, 2020, during
the first peak of COVID-19 cases in the United States and
Pennsylvania (Multimedia Appendix 1) [26]. We eliminated
duplicates of identical policies published by facilities within
the same health system. We used Rural-Urban Commuting Area
(RUCA) Codes to classify each facility as urban or rural (ie,
RUCA >2) [27,28]. We assessed the readability of each policy
using the Flesch-Kincaid Grade Level calculator [29]. This
readability tool calculates an overall complexity of text using
the mean sentence and word length, providing an overall score
of educational school-grade levels 1 to 12 [30]. Scores >12
indicate a college-level education would be required to read the
text.
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Five investigators conducted qualitative analysis of the visitation
policy statements. We first used qualitative content analysis,
which sorts open-ended data using categories derived from close
reading of texts; it is not associated with any particular theory
or paradigm, but it is a generic means of categorizing the
“informational content” of data [31]. We annotated the policy
statements to identify the various functions they accomplished
(eg, stating restrictions, justifying restrictions, expressing a
facility’s values; Table 1). Within each of these function
categories, we derived more specific categories to describe their
content (eg, what the specific restrictions were, what information
a facility presented to justify them, what specific values a facility
expressed). Second, we performed discourse analysis—a method
that examines the contextual use of language [32,33], to allow
us to generate hypotheses about the effects of the specific
language used to convey policies on readers. Through
annotation, we observed that policies varied in how they
positioned facilities as agentive or nonagentive in enacting
restrictions through use of voice (active vs passive), sentence
structure, and modality. Annotation was done independently
and then discussed as a team. Based on this discussion, a formal
codebook was generated to capture patterns in function, content,
and discourse. Each policy was then coded using NVivo 12
qualitative analysis software (QSR International) by at least 2
team members (AS, SP, DH, and MK), with discrepancies
resolved and codebook refinements made by consensus and
consultation with supervising investigators (JH and JC). Finally,
we performed focused coding, prioritizing the codes that we
believed were most important to how visitation policies were
communicated, identifying relationships between these codes,
and synthesizing related codes [34-38]. Focused coding was
done through group discussion and captured via analytic memos.

Factorial Experiment of Visitation Policy
Communication
We used the results of the qualitative analysis to develop a
factorial survey-based experiment that tested the impact of
variation in hospitals’ public visitation policy communication.
We selected three elements to vary based on our qualitative
findings by generating a list of elements that varied and
eliminating those well-established to influence public opinion
and understanding (eg, reading level) or those that health
systems may be unable or unwilling to change (eg, the visitation
rules themselves). Our final selections included (1) how the
inpatient facility justified restricting visitation (eg, community
protection, regulations from a governing authority, or scientific
rationale); (2) the degree to which the facility expressed
ownership over the policy decisions (eg, use of active voice to
indicate responsibility for decision-making); and (3) the
inclusion or absence of family-centered care support plans (eg,
virtual visits or team communication plans and expressions of
concern for well-being). Although actual policies justifying the
restricted visitation on the basis of governing authorities more
frequently used passive voice, in our factorial experiment, these
varied independently.
Our final 3×2×2 factorial experiment structure generated 12
hypothetical policies (Multimedia Appendix 1). For our
visitation policy statements presented to participants in the
survey, we used the most common visitation rules and language
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drawn from actual facility policies in a composite manner to
represent our selected elements. We used a Flesch-Kincaid
Grade Level range of 9.0 to 10.8 for all policies. This was lower
than the average policy in our sample, but it remains above the
recommended reading level for patient education materials, as
we used facilities’ actual word choices whenever possible for
constructing the composite policies [39,40]. We reviewed our
element selections and the survey with groups of clinical and
nonclinical research staff and pilot tested the survey with
nonclinical individuals prior to launch.
We recruited participants in October 2020, during the start of
the second and largest peak of COVID-19 cases in the United
States (Multimedia Appendix 1). We used Cloud Research’s
Prime Panels, an internet study recruitment platform that enables
and ensures high-quality survey-based data collection from the
over 50 million diverse enrolled participants who more closely
represent the US population than other similar platforms, such
as MTurk [41]. The platform also allows for recruitment based
on targeted eligibility criteria. Potential participants were eligible
to voluntarily choose to complete this study if they resided in
the United States, were ≥18 years old, and were fluent in written
English. We conducted stratified recruitment to ensure that a
minimum of 44% of participants were women and 13% were
Black or African American to reflect US demographics more
closely [41]. We asked all participants to complete a survey that
included reviewing the 12 hypothetical policies and responding
after each using a 5-point Likert scale (ie, ranging from “1=not
at all” to “5=very much”), indicating the participant’s
willingness to recommend the hospital on this basis alone. They
then responded to survey items collecting their personal
perspectives on COVID-19 risk and mitigation strategies, the
9-item Revised Healthcare System Distrust Scale (HSDS) [42],
and a demographic questionnaire. We included three attention
checks and participants who failed two of these checks were no
longer eligible to be included in the analysis [41,43]. Participants
received a nominal compensation for successful survey
completion. All participants provided informed consent after
reviewing written information prior to beginning the survey.
All study procedures were approved by the University of
Pennsylvania’s Institutional Review Board.
Using the n.multiway function from the R package easypower,
we calculated sample size estimates of our 3×2×2 factorial
design based on the number of factors (ie, policy elements), the
number of levels of each factor, and various effect sizes for a
main effect of a factor or for the interaction between two factors
on the willingness to recommend the hospital (Table S1 in
Multimedia Appendix 1). We estimated that recruiting 1272
participants (ie, 106 for each of 12 hypothetical policies) would
be sufficient to detect an odds ratio (OR) of 1.437 for the main
effect or interaction with 90% power and an α=.05.
We examined the relationship among the three policy elements
and willingness to recommend the hospital using mixed effects
logistic regression. The participant was entered as a random
effect to account for the clustering of responses by each
participant [44]. The regression model was fit using maximum
likelihood estimation and was implemented using the glmer
function from the R package lme4 [45]. Prior to model building,
we determined that continuous variables were appropriate to
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enter as linear terms without transformation. The unadjusted
associations between all predictor variables and the primary
outcome were examined using t tests and chi-square tests for
continuous and categorical variables, respectively. A priori, we
decided to include all three tested elements in the baseline
model. Other variables were selected for inclusion using
backward variable selection in a stepwise manner from a model
with all possible covariates. Those that were not significant (eg,
age and gender of the participant) were not included in the final
model given we had no prespecified hypotheses as to the
direction of effect. The final model only included predictor
variables with P values <.05 for the association between the
variable and the primary outcome in the baseline model,
including the three exposure variables [46]. We explored
potential interactions among all three visitation policy elements
by adding two-way interaction terms one at a time to the final
model, but none were significant. Two-sided P values <.05 were
considered statistically significant. All statistical analyses were
conducted in R Studio.

Results
Qualitative Analysis of Visitation Policy
Communication
We identified 513 inpatient health care facilities within
Pennsylvania. Using RUCA classification, 80.3% (n=412) were
urban and 20.7% (n=101) were rural. We identified inpatient
visitation policies for 363 facilities, resulting in 104 unique
policies after eliminating duplicates used for multiple facilities
within a health system (Figure S1 in Multimedia Appendix 1).
The mean Flesch-Kincaid Grade Level for the policies was 14.2
(ie, requiring college-level reading skills). In addition to English,
the policy was available in Spanish for 2 of the 104 (1.9%)
unique policies, representing 1.1% (4/363) of all facilities’
policies.

Hart et al
67.3%) identified exceptions permitting some visitation. Few
(5/104, 4.8%) policies specified no restrictions. Of the 70
policies allowing exceptions, 37 (52.9%) offered standardized
exceptions (eg, end-of-life care, childbirth, and pediatric
patients), 16 (22.9%) offered case-by-case exceptions, 13
(18.6%) included both, and 4 (5.7%) included no information
about exceptions. Other common rules were restrictions on
visitors’ movement through the facility and mandatory screening
(eg, symptom checks) prior to entry.
There were 8 major functions of phrases within the published
policies (Table 1), including communication of rules and
exceptions, justification of the restrictive policy, indication that
the policy was a deviation from normal procedures, statements
of the facilities’ values, and a recognition of the hardship that
these policies cause for patients and their families. Most (85/104,
81.7%) policies included a justification, most commonly the
protection of patients, staff, or community (59/104, 56.7%);
guidance or regulations from governing or scientific authorities
(34/104, 32.7%); or a scientific rationale (23/104, 22.1%). A
minority (38/104, 36.5%) included a statement recognizing that
these policies may distress families and patients or that the
delivery of family-centered care may be impaired. Governmental
agencies at the state or federal level (eg, the Centers for Disease
Control and Prevention or the Pennsylvania Department of
Health) were named as responsible for the restrictive policies.
Policies rarely included an explanation of how restricting
visitation relates to viral transmission.
Most policy statements delineating the visitation rules or
indicating that the restrictions were a deviation from typical
procedures used the passive voice (Table 2). Statements
addressing resulting hardship, stating the facilities’ values, or
emphasizing the temporary nature of the policy used the active
voice. Policies that justified restricted visitation on the basis of
protection generally used the active voice, whereas those that
justified restrictions due to authorities used passive voice.

Nearly all policies restricted inpatient visitation. A minority
(29/104, 27.9%) prohibited all visitors, whereas most (70/104,
Table 1. Function of statements within policies.
Function of statement

Example

Indicate that the policy is temporary

“[FACILITY] has put into place a temporary hospital and outpatient visitation policy”

Acknowledge that the policy differs from standard hospital policy

“This policy replaces our traditional open visitation policy”

State the rules themselves

“In end-of-life situations [FACILITY] will allow loved ones to visit with
patients”

Justify implementation of the policy

“We are now increasing these restrictions due to federal and state recommendations related to COVID-19”

Recognize the hardship that the policy brings for patients and families

“We know that the no visitor policy may be upsetting for our patients,
residents, and their families”

Emphasize the values driving the facility or health system

“The health and well-being of the children and adults we serve remains
our top priority in every decision we make”

Identify where patients and potential visitors can obtain additional information

“Please call the [FACILITY] COVID-19 Information Line (XXX-XXXXXXX) for clarification and additional details”
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Table 2. Degree of ownership displayed within and across policy statements.
Statements demonstrating high or low ownership over policy decisions
and implementation

Examples

High ownership
Indicate that the policy is temporary

“We will regularly re-evaluate these visitor restrictions as we receive updates about COVID-19”

Recognize hardship that policy brings for patients and families

“We understand the importance of the support of friends and family to the
healing process”

Emphasize values driving the facility or health system

“[FACILITY] is committed to the health, safety, and well-being of the
communities we serve”

Offer alternatives to in-person family presence

“We strongly encourage the use of electronic methods to stay connected
with loved ones including telemedicine, zoom, and extended phone time”

Justify policy implementation based on protection and safety

“Be assured that we are making these decisions in your best interest so
that we can ensure the safety of you, your baby, and our staff”

Low ownership
Acknowledge that the policy differs from standard hospital policy

“Beginning Tuesday, March 24, inpatient and outpatient visitation guidelines will shift from limited to restricted, outlined below”

State the policy itself

“All in-person visitation has been suspended (with limited critical exceptions)”

Justify the policy based on authority guidance and regulations

“This restriction has been implemented in compliance with updated corporate and state regulations to further reduce the risks associated with
COVID-19”

Factorial Experiment of Visitation Policy
Communication
In total, 6272 individuals in the Cloud Research Prime Panel
system may have viewed the study description, and 1602
individuals may have opened the study link. Of these, 1356
participants completed the instrument for a conservatively
estimated response rate of 25.5%. We excluded 34 responses
due to failed attention checks. The 1321 participants in the final
analysis had a median completion time of 9.2 minutes (IQR
6.4-14.2 minutes). Participants’ characteristics are summarized
in Table 3. A minority of individuals self-reported high personal
risk of COVID-19 or having close contact with an individual
at high risk of COVID-19. The majority were insured and
demonstrated moderate to low levels of health care system
distrust [42].
Results of the multivariable model are displayed in Figure 1
and Table S2 of Multimedia Appendix 1. Visitation policy
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elements significantly associated with a willingness to
recommend the hospital included justifications for restricted
visitation based on community protection (OR 1.44, 95% CI
1.24-1.68) or scientific rationale (OR 1.30, 95% CI 1.12-1.51),
in contrast to regulations from a governing authority. The
hospital displayed a high degree of expressed ownership over
the policy (OR 1.16, 95% CI 1.04-1.29 vs low degree of
ownership) and inclusion of family-centered care support plans
(OR 2.80, 95% CI 2.51-3.12 vs absence of such support).
Justification of visitation restrictions to support community
protection was significantly more likely to result in willingness
to recommend the hospital when compared with scientific
rationale for restrictions in the pairwise comparisons from the
final model (Figure 1). In the multivariable model, participants
living in urban settings, reporting more trust in the health care
system, and identifying as Democrats were significantly more
willing to recommend the hypothetical hospitals after adjusting
for visitation policy elements (Figure 1).
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Table 3. Characteristics of survey participants.
Characteristic

Participants (N=1321)a

Age (years), median (IQR)

39 (30-55)

Gender, n (%)
Women

710 (53.7)

Men

601 (45.5)

Transgender, nonbinary, other

10 (0.8)

Race, n (%)
White, Caucasian American

967 (73.2)

Black, African American

248 (18.8)

Otherb

106 (8)

Ethnicity, n (%)
Not Hispanic, Latinx

1195 (90.5)

Hispanic, Latinx

115 (8.7)

Not reported

11 (0.8)

Educational attainmentc, n (%)
Less than high school, GEDd

269 (20.4)

Some college

383 (29)

Bachelor's degree

385 (29.1)

Graduate degree

284 (21.5)

Urban or rural residence, n (%)
Urban

535 (40.5)

Suburban

514 (38.9)

Rural

261 (19.8)

Not reported

11 (0.8)

Political party, n (%)
Democrat

566 (42.8)

Republican

396 (30)

Othere

359 (27.2)

Insurance status, n (%)
Insured

1207 (91.4)

Uninsured

114 (8.6)

At high risk for COVID-19, n (%)
No

775 (58.7)

Yes

325 (24.6)

Unsure, not reported

221 (16.7)

Close contact with someone at high risk for COVID-19, n (%)
No

856 (64.8)

Yes

358 (27.1)

Unsure, not reported

107 (8.1)

Revised HSDSf score
Mean (SD)

22.4 (7.2)

Median (IQR)

24 (17-28)
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Percentages may not add up to 100% due to rounding. For gender and HSDS (n=1320), 1 participant did not provide responses.

b

For race, “Other” includes Asian, Asian American, Pacific Islander, Native American, Hispanic/Latino, Mestizo, Middle Eastern, Romanian, and
multiracial.
c

For education attainment, “Some college” includes associate's or professional certificate; “Graduate degree” includes master's, doctoral, or professional
degree.
d

GED: general educational development.

e

For political party, “Other” includes independent, democratic socialist, libertarian, and no political affiliation.

f

HSDS: Healthcare System Distrust Scale. For the revised HSDS (9-item scale; range: 5-45), higher total scores indicate more distrust of the health care
system.
Figure 1. Association of policy elements and respondent characteristics with willingness to recommend the hospital. OR: odds ratio.

Discussion
Principal Findings
Although health care systems across the globe have restricted
inpatient family visitation during the COVID-19 pandemic
[3-5], there is a lack of empirical research presenting what
visitation rules health systems enacted, how health systems
communicated these policies to the lay public, and the impact
of those communication choices on public opinion. In this study,
we present a mixed methods investigation including qualitative
analysis of publicly available COVID-19 era inpatient visitation
policies and a subsequent factorial experiment examining the
impact of three key policy statement elements on lay individuals’
willingness to recommend the hypothetical hospital to a family
member. Most of the website-published policies prohibited
family presence and justified these restricted visitations on the
basis of community protection over authorities’ guidance,
regulations, or scientific rationale. A few policies addressed
how restrictive visitation may impair family-centered care.
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Our findings confirm the importance of communication choices
during periods of crisis [12,13]. Importantly, we identify specific
elements of visitation policy statements strongly associated with
individuals’ willingness to recommend the hospital. Because
these are unrelated to the visitation rules themselves, health
systems may rapidly implement these findings.
The goals of family-centered care are to respect family members
as care partners, foster collaborations between family members
and the health care team, and maintain family integrity [2,10].
There is broad recognition among clinicians and the general
public that visitation policies restricting family presence for
inpatients are undesirable and detrimental to family-centered
care [2,3,5,21-24,47]. Our participants valued the inclusion of
family-centered care support plans and recognition of resulting
distress in hospitals’ communication of visitation restrictions.
Indeed, family-centered content was more strongly associated
with individuals’ willingness to recommend a hospital than any
other element. However, few inpatient facilities’ policy
statements provided resources to promote family members’
engagement with admitted patients or health care teams or
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expressed empathy and compassion. Including empathy in crisis
messages is known to result in a more positive public response
and enhances the credibility of the messenger [12]. Health
systems should prioritize communication and coping resources
for family members distanced from inpatients during and after
pandemic conditions and clearly communicate the existence of
these resources to engender trust among community members
[2].
Inpatient facilities’ frequent use of the passive voice to
communicate restrictive visitation rules suggests that they seek
to distance themselves from unfavorable policies. For example,
facilities frequently justified restrictive policies by referring to
governing authorities while using the passive voice. When
facilities used the active voice to express a high degree of
ownership in the policies, they did so for favorable components
of the policy statements. These patterns suggest that facilities
may attempt to deflect responsibility for undesirable visitation
restrictions. However, our findings indicate this is likely
counterproductive. Individuals were more likely to recommend
a facility that expressed ownership of restrictive policies,
including providing a justification that did not rely on governing
authorities and using the active voice when communicating
restrictive rules. Community members may interpret facilities
as being connected and invested in the communities they serve
if systems express a high degree of ownership over
decision-making, rely on community protection as a salient
rationale for restrictions, and support family-centered care
despite visitation restrictions.
Many of the inpatient facilities’ policy statements did not reflect
best practices in community and crisis communication [12].
Many failed to engage in two-way risk communication, in which
the public is treated as full participants rather than passive
information receivers or rule followers [16,48,49]. Such
two-way risk communication strategies focus on building
dialogue with public citizens who have rights and values. This
can lead to improved public understanding of the risks and
rationale for policies and recommendations. Furthermore, this
approach to communication positions the rule-makers as
transparent and worthy of trust. In contrast, facilities rarely
explained the mechanisms through which restrictive family
presence policies may reduce the transmission of COVID-19.
Particularly early in the pandemic, when we collected the
policies, community members likely did not have this scientific
knowledge, limiting their ability to participate in the dialogue
around visitation restrictions [50]. Additionally, policy
statements intending to convey key messages to the general
public should be written at a reading level accessible to those
with low reading levels, given that the average American reads
at an 8th grade reading level [39,40,51]. We elected not to test
varied reading levels in our factorial design given the large body
of work that exists supporting the need for accessible public
health information [51], particularly during the COVID-19 crisis
as the burden of impact has been disproportionately high in
medically underserved communities [40,52-54]. Policy
statements that require a college reading level are likely to
contribute to misunderstandings and lack of trust [39,40,51,55].
Health systems should also offer their materials in non-English
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languages that are spoken by community members, yet this was
rarely observed in our sample.
Although the communication of these crisis-era policies should
be improved upon, an organization’s pre-crisis credibility is
critical to the public’s trust in the organization during a crisis
[12]. If a health system or facility has not already established
itself as supportive of families, is not engaged with community
health, and is not concerned about staff well-being, the
organization’s statements of these values may be meaningless.
Therefore, the approach to communicating policies during
COVID-19 and similar crises should also reflect a broader
attention to the relationship between health systems and their
surrounding communities both during and between acute public
health crises.

Limitations
Our findings should be interpreted in the context of several
limitations. First, we gathered policy statements from a single
state. However, we did seek to capture all publicly available
policies to eliminate selection or response bias introduced with
other methods, such as surveys. Second, we captured policy
statements immediately following the initial peak of COVID-19
cases in Pennsylvania, so our analysis does not reflect
longitudinal changes to the policy statements or visitation rules
[26]. We cannot comment on longitudinal trends in visitation
policies enacted by inpatient facilities nor public perception of
these policies in the context of national or local COVID-19
burden or governmental policies intended to control viral spread.
Third, we were unable to find policies for all licensed inpatient
facilities in Pennsylvania. However, we used widely available
search engines, mitigating the risk that the public had access to
an internet-published policy we did not locate. Fourth, the public
may not read or compare policies available on websites.
Nevertheless, the majority of inpatient facilities had
internet-published policies, suggesting they believe there is an
audience for this information. Fifth, our factorial experiment
relied on participants from an internet research panel, which
may not reflect the general US population [36]. We took steps
to mitigate the risk of bias, including stratified recruitment on
the basis of race and gender [49]. Sixth, we selected elements
to vary in the policies for the factorial experiment. There may
be alternative elements more important than the ones we
selected. However, we selected elements based on our preceding
content analysis, making our findings valuable even if other
elements are considered important. Seventh, we tested composite
policy statements without contextual factors that may lead a
community member to recommend or discourage a particular
hospital, and we did not require participants to choose between
hospitals based on the policy statements, which may have
limited variation in their responses. Despite this, we identified
several significant findings.

Conclusions
Inpatient facilities frequently enacted restrictive inpatient
visitation policies during the COVID-19 pandemic.
Communication of these policies did not reflect best practices
in crisis communication and may fail to represent health
systems’ commitment to their communities’ health and their
motives for establishing restrictive visitation policies. To
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improve public perception, health systems and facilities should
convey ownership over their policy decisions, justify
unfavorable visitation rules based on community protection,
and include resources supporting family-centered care. Policies
should also use language accessible to those with lower reading

Hart et al
levels and in languages other than English as locally relevant,
provide clear explanations for novel policies, and more
frequently incorporate statements of empathy and compassion
when communicating crisis-era policies affecting the general
public.
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Abstract
Background: Social media enables the rapid consumption of news related to COVID-19 and serves as a platform for discussions.
Its richness in text-based data in the form of posts and comments allows researchers to identify popular topics and assess public
sentiment. Nonetheless, the vast majority of topic extraction and sentiment analysis based on social media is performed on the
platform or country level and does not account for local culture and policies.
Objective: The aim of this study is to use location-based subreddits on Reddit to study city-level variations in sentiments toward
vaccine-related topics.
Methods: Comments on posts providing regular updates on COVID-19 statistics in the Vancouver (r/vancouver, n=49,291),
Toronto (r/toronto, n=20,764), and Calgary (r/calgary, n=21,277) subreddits between July 13, 2020, and June 14, 2021, were
extracted. Latent Dirichlet allocation was used to identify frequently discussed topics. Sentiment (joy, sadness, fear, and anger)
scores were assigned to comments through random forest regression.
Results: The number of comments on the 250 posts from the Vancouver subreddit positively correlated with the number of new
daily COVID-19 cases in British Columbia (R=0.51, 95% CI for slope 0.18-0.29; P<.001). From the comments, 13 topics were
identified. Two were related to vaccines, 1 regarding vaccine uptake and the other about vaccine supply. The levels of discussion
for both topics were linked to the total number of vaccines administered (Granger test for causality, P<.001). Comments pertaining
to either topic displayed higher scores for joy than for other topics (P<.001). Calgary and Toronto also discussed vaccine uptake.
Sentiment scores for this topic differed across the 3 cities (P<.001).
Conclusions: Our work demonstrates that data from city-specific subreddits can be used to better understand concerns and
sentiments around COVID-19 vaccines at the local level. This can potentially lead to more targeted and publicly acceptable
policies based on content on social media.
(J Med Internet Res 2021;23(9):e32685) doi:10.2196/32685
KEYWORDS
COVID-19; public sentiment; social media; Reddit; Canada; communication; sentiment; opinion; emotion; concern; pandemic;
vaccine; hesitancy
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Introduction
Sixty-five percent of approximately 3.8 billion internet users
are currently informed about top news stories from social media
platforms such as Twitter, Facebook, and Reddit rather than
traditional news outlets [1]. Surveys show that this trend has
been especially apparent during the COVID-19 pandemic as
more people seek timely updates on the crisis [2]. When used
effectively, social media platforms can disseminate relevant
health-related information to users such as patients, clinicians,
and scientists [1]. However, the unfamiliarity of COVID-19 has
led to the frequent transmission of false and conflicting
information [3]. While awareness of “fake news” is high among
Gen Z individuals and Millennials, less than a quarter of them
report posts with false information, and only 8.7% opt to stop
receiving updates from the account that produces misleading
posts [4]. Propagated misinformation also negatively impacts
compliance with public health policies such as social distancing
[5].
In addition to what people express on social media, investigation
of their underlying attitudes in conjunction with their comments
can be key to determine political participation and predict
“protester violence” [6,7]. In the context of the pandemic, posts
on Twitter and Facebook have been used to examine attitudes
toward contact tracing apps in the United Kingdom [8], and a
dashboard was built to track emotions in Austria on the basis
of the news platform derstandard.at, Twitter, and a chat platform
for students [9].
Currently, one of the most critical steps to reducing the spread
of COVID-19 is mass vaccination [10]. Unfortunately, social
media also provides a platform for growing antivaccination
movements and increasing vaccine hesitancy [11-13]. When
examining the expression of these opinions that oppose scientific
advice, studies capture sentiments across entire platforms or
whole countries but fail to capture nuances at a more local level.
Thus, we sought to use comments on Reddit to explore
discussions surrounding COVID-19 in Toronto (Ontario),
Calgary (Alberta), and Vancouver (British Columbia) as
sentiment analysis can contribute to improving social
management practices within each city.
Reddit is divided into subreddits, which contain posts and
discussions relevant to a particular location or topic. As a
platform that quickly aggregates content, it effectively
disseminates the latest news regarding major events, including
the COVID-19 pandemic. For example, daily posts on the
Vancouver subreddit (r/vancouver), by the user
cyclinginvancouver (u/cyclinginvancouver), provide updated
statistics regarding the spread of COVID-19 in British Columbia.
Similar posts can be found on the Calgary (r/calgary) and
Toronto (r/toronto) subreddits. The posts themselves are
unbiased, containing only information such as the number of
new cases of COVID-19 infection as determined by a positive
test, hospitalizations, vaccinations, and deaths. Thus, people
are able to engage in free-form discussion in the comments.
Comparatively, other platforms such as Twitter allows a global
community to discuss the pandemic; hence, discussions are less
specific to regional communities.
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The aim of this study is to use location-based subreddits on
Reddit to study city-level variations in sentiments toward
COVID-19 vaccine–related topics. Here, we first present an
analysis of comments from the Vancouver subreddit to
understand the topics being discussed and people’s attitudes
toward local policies. We also specifically explore people's
reactions and sentiments toward vaccines and how they align
with vaccination rates. Then, we characterize differences in
vaccine topics and sentiments among Vancouver, Toronto, and
Calgary. Data from similar studies performed using Twitter
[14] helped build some of our models, as our study is the first
to examine comments from Reddit in this manner. Our novel
approach of examining topics of local concern have the potential
to inform how public policy can be tailored to specific
geographical regions.

Methods
Data Collection
All analyses were performed using Python (version 3.7) and R
(version 4.0.2). Our code can be found on GitHub at
Mellaw/BDC_Reddit.
Reddit comments were acquired using the Python Reddit API
Wrapper (PRAW; version 7.2.0) [15]. A read-only Reddit
instance was created and used to obtain a subreddit instance for
the Vancouver, Calgary, and Toronto subreddits (r/vancouver,
r/calgary, and r/toronto, respectively). Relevant posts were
acquired by searching the keywords Covid-19 Update -, Alberta
Totals:, and COVID-19 in Ontario in the Vancouver, Calgary,
and Toronto subreddits, respectively. Keywords were selected
to be specific to posts providing daily updates on COVID-19
statistics. The title, time created, submission ID, and author
were extracted and assembled into a data frame using pandas
(version 1.2.4) [16]. The submission ID is a string unique to
each post. It was used as an input to PRAW for interacting with
each post’s “CommentForest” or a list of comments and replies.
The list method of CommentForest was used to extract the body
text, author, and title of the post for all comments.
Twitter data were obtained from the paper “Global Reactions
to COVID-19 on Twitter: A Labelled Dataset with Latent Topic,
Sentiment and Emotion Attributes” [14] and were made
available on OpenICPSR [17]. We used the version with 5000
tweets randomly sampled from the full data set of 132.1 million
tweets. The tweets are in English and are from the United States,
Singapore, India, and Brazil. Every tweet was scored on how
intensely they demonstrated the emotions anger, fear, sadness,
and joy on a scale from 0 to 1. Since the data set only provided
the IDs of tweets, we used Tweepy (version 3.10.0) to hydrate
the tweets [18].
We also used statistics for new cases of COVID-19 and total
vaccinations in British Columbia, Alberta, and Ontario. These
data, as well as numbers for fatalities, hospitalizations, tests,
and recoveries, were provided through a web-based COVID-19
Tracker [19], where real-time data at both the national and
provincial level were collected by volunteers. To ensure
accuracy, statistics were updated primarily from live press
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briefings, with some supplementation from news networks.
Source URLs were also provided.

Data Processing
Preprocessing Raw Text
All Reddit comments and Tweets were converted to lowercase,
and the Python software package [20] was used to remove
nonalphabetical characters, URLs, and references to other users.
Texts were then lemmatized using spaCy (version 3.0) [21] and
stripped of stop words using Natural Language Toolkit (NLTK;
version 3.6.2) [22]. The list of stop words was modified by
removing “no” and “not.”

Topic Extraction
Topic extraction was performed for Reddit comments by
implementing Latent Dirichlet Allocation (LDA) through gensim
(version 4.0.1) [23]. After tokenizing, comments were used to
create a dictionary, which maps every word to a unique integer
ID. This was then converted into a bag-of-words format,
essentially counting how many times a word is used. To
optimize the number of topics, LDA models were created for
1 to 14 topics. Other nondefault parameters include setting the
chunk size to be the number of comments, the number of passes
to 10, and α to “auto.”
The optimal number of topics was deemed to be the one that
minimizes mean Jaccard similarity while maximizing mean
coherence across topics. Jaccard similarity is a metric for how
many words 2 documents have in common [24]. If 2 topics were
identical, their Jaccard similarity would be 1. Conversely, if 2
topics shared no words in common and were thus entirely
distinct, their Jaccard similarity would be 0. Coherence for each
topic was calculated with gensim using the “c_v” option. It
measures the semantic similarity between high-scoring words,
which is a function of how often the words co-occur across
comments [25].
Each comment was quantitatively assessed to what extent they
addressed each topic with a score from 0 to 1. For downstream
analyses, a comment was considered to address a topic (“1”) if
the score was greater than 0.2 and not (“0”) otherwise. Word
clouds showing the top keywords for each topic were generated
using wordcloud (version 1.8.1) and Matplotlib (version 3.4.2).
Thus, we were able to identify vaccine-related comments.
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Sentiment Analysis
Scores for emotional intensity were assigned to Reddit
comments using a model built from the Twitter data set. Using
scikit-learn (version 0.24), the Twitter data set was split into
training (0.75) and testing (0.25) sets. Prior to modeling, the
text of the tweets was processed into a data frame containing
term frequency–inverse document frequencies (TF–IDF). The
term frequency (TF) is the number of times a word appears in
each tweet divided by the total number of words in that tweet.
The inverse document frequency (IDF) is the logarithm of the
total number of tweets divided by the number of tweets
containing the word. TF–IDF is simply the TF multiplied by
the IDF.
The TF–IDF data frame was used as the input to a random forest
regression model. The model from scikit-learn was used with
default parameters. The scores for anger, fear, sadness, and joy
were the target variables. A total of 4 models were fitted, 1 for
each emotion. To evaluate the models, the data in the TF–IDF
data frame for the test data set were used as the predictors, and
the root mean square error (RMSE) was used to compare model
outputs with true values. The same processing workflow and
models were applied to Reddit comments to predict emotional
intensity.

Statistics
The correlation between the number of Reddit comments and
new cases of COVID-19 was calculated using Pearson
correlation in R. Time-series trends for the level of
vaccine-related discussion and total vaccinations in British
Columbia were compared using the Granger causality test from
the lmtest package [26]. Comparisons across topics and cities
were performed using the Mann–Whitney U test.

Results
Data Overview
From the r/vancouver subreddit, 49,291 comments across 250
daily update posts were obtained between July 13, 2020, and
June 14, 2021. After preprocessing, 433 comments were found
to be duplicated. To avoid including spam, duplicates from
technical glitches, and placeholder text for deleted and removed
comments, duplicates were excluded from further analysis,
yielding 45,303 usable comments. These comments were
contributed by 4261 users (“Redditors”). Summary statistics
for r/calgary and r/toronto are also displayed in Table 1.

Table 1. Summary statistics for posts and comments extracted.
City

Total posts, n

Total comments, n

Usable comments, n

Vancouver

49,291

250

45,303

Toronto

20,764

234

19,105

Calgary

21,277

249

18,886
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Vancouver-Specific Analyses
Engagement Level on Reddit Correlates With Daily New
COVID-19 Cases
The number of new COVID-19 cases in British Columbia has
2 distinct peaks (Figure 1A). The first is in late November 2020,
following a period of low, steady numbers in the summer, with
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exponential growth beginning in October 2020. The second is
in early April 2021, after a local minimum in February 2021,
and preceding a steep decline. The number of comments on
daily update posts demonstrates a similar trend over time and
was found to be significantly correlated with the number of new
COVID-19 cases (R=0.51, 95% CI for slope 0.18-0.29; P<.001)
(Figure 1B).

Figure 1. (A) Line plot depicting the number of new COVID-19 cases in British Columbia (blue) and the number of comments on each daily update
post (red) from July 13, 2020, to June 14, 2021. (B) The number of new COVID-19 cases is significantly positively correlated with the number of
comments on daily update posts (R=0.51; P<.001).

Thirteen Main Topics Related to COVID-19 Were
Identified From Reddit Comments
By maximizing coherence and minimizing Jaccard similarity,
the ideal number of topics was deemed to be 13 (Multimedia
Appendix 1). Based on the word clouds (Multimedia Appendix
2) and examples of the first 25 words for the highest scoring
comment for each topic (Table 2), the topics are as follows: (1)
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advocating for restrictions, (2) COVID-19 transmission, (3)
impacts of COVID-19 on social spheres, (4) discussion about
case numbers, (5) outbreaks in health care facilities, (6) debating
how realistic public health orders are, (7) scientific concepts
surrounding COVID-19, (8) monitoring travelers and people
who have been exposed, (9) violating and enforcing restrictions,
(10) vaccine uptake, (11) general speculations, (12) impact on
hospitals, and (13) vaccine scarcity.
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Table 2. Examples of processed comments with the highest score for each topic.
Topic

Processed comment

1

“well nt make zero case still strong restriction truck driver example implement policy nt truck unload instead local worker local worker
also test daily one”

2

“not interpretation public health monitoring figure individual direct self isolate day know exposure identify contact tracing question
yesterday student return class leave self isolation day”

3

“problem collective reason spread happen exponentially community strong social tie custom obligation ie wedding season lot young adult
ca nt live together prior marriage taboo parent”

4

“monday multi day count new case consistent trend flat growth plateaue no acceleration no deceleration seven day trail average basically
unchanged per day value near”

5

“six new healthcare facility outbreak braddan private hospital kin village madison care centre royal city manor william lake senior village
creekside land outbreak chilliwack“

6

“isolation not fast literally never eliminate virus not canada certainly not globally country temporarily locally eliminate it which coincidentally island nation even island invariably virus introduce”

7

“vaccine currently use new mrna base one reprogram surface marker protein make machinary cell make virus spike protein immune
system detect build resistance virus”

8

“people active public health monitoring result identify exposure know case active case recover case vancouver coastal health region case
fraser health region case interior health region”

9

“nt see enforcement feasible transit security every bus take last night home bus driver keep tell people bus full pull ahead stop rather let
people”

10

“reassurance calculation bc receive vaccine dose percentage first dose adult population date thursday usually shipment dose cumulative
march dose march dose march dose april st dose”

11

“selectively ignore scientist scientist science deem trustworthy work right we medium company not part pov actually know people like
answer question base see yes no”

12

“nine hospital bc vancouver coastal fraser health move emergency surgery least next two week mean combine elective surgery cancel
low mainland fraser health abbotsford burnaby surrey memorial”

13

“parent age range little hesitant well reason azd vaccine cautious approach sure pfizer moderna slightly high effectiveness rating age
group still month month half away”

Increase in Vaccine-Related Discussion Correlates With
the Number of People Vaccinated
Specifically focusing on discussions surrounding vaccines, we
see that the topic scores for topics 10 and 13 began to trend
upward starting in January 2021, with topic 13 being slightly
more highly discussed before then (Figure 2A). When overlaid

https://www.jmir.org/2021/9/e32685

XSL• FO
RenderX

with data on the total number of people vaccinated in British
Columbia [19], we see that the rise in discussion precedes the
rise in the number of vaccinations, although both trend similarly.
The Granger test for causality was performed to evaluate the
impact of vaccine discussion on total vaccinations. The results
were significant for both topics (P<.001).
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Figure 2. (A) Line plot displaying the daily average vaccine topic score (red) for topics 10 (top) and 13 (bottom) and the total number of vaccines
administered up to that date (blue). (B) Box plots showing the distribution of emotional intensity scores. Comparisons between groups were made using
the Mann–Whitney U test.

Vaccine-Related Comments Express Significantly Higher
Positive Sentiments
Random forest regression models built using tweets labeled
with emotional intensity scores were evaluated using RMSE
values (Multimedia Appendix 3). Even when applied to Reddit

comments, the model appears to retain validity. For each
emotion, the processed comment with the highest score is
displayed in Table 3. Additionally, the negative emotions
(sadness, fear, and anger) are significantly, strongly positively
correlated with each other and negatively correlated with joy
(Multimedia Appendix 3).

Table 3. Examples of processed comments with the highest intensity scores for their respective emotions.
Emotion

Score

Processed comment

Joy

0.54

“depend happy plateau hit case day long time okay case day stay steady thing look cautiously optimistic definitely
call”

Sadness

0.59

“not scientific datum notice friend indocanadian community really enthusiastic vaccine due really sad outlook india
covid situation right lot family back india truly suffer take quite seriously”

Anger

0.68

“fucking sick people not give fuck people understand pass around hospital shit show soon”

Fear

0.63

“care home care home interior home town announce outbreak today mom nurse different care home town worried
transmission partner lose grandparent already quarantine non covid today two fear come true sick scare sorry”

From July 2020 to April 2021, the emotional intensity scores
were steady for all emotions (Multimedia Appendix 3). Negative
emotions were expressed more than joy, with anger being the
most prominent. From April 2021 onward, the mean scores for
joy begin to trend upward while those for negative emotions all
trend downward. Investigating the differences in emotional
intensity
scores
between
vaccine-related
and
non–vaccine-related comments, we found that comments for
both vaccine topics had significantly higher scores for joy
(P<.001) (Figure 2B). However, comments regarding vaccine
availability had significantly lower scores for joy and higher
scores for negative emotions (P<.001) compared to comments
about vaccine uptake.
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Comparison Across Cities
Stronger Positive-Sentiment is Exhibited in
Vaccine-Related Comments Across Several Canadian
Cities
To elucidate the effect of public sentiment on vaccination rates,
2 additional major Canadian cities, Toronto and Calgary, were
analyzed using the same approach taken for Vancouver. A total
of 13 distinct discussion topics were identified in r/toronto and
14 topics in r/calgary. Both had 2 dominant vaccine-related
topics (Figure 3). In Toronto, these discussed vaccine uptake
and postvaccine feelings. In r/calgary the 2 vaccine-related
topics identified were vaccine uptake and concerns around
vaccination rates. Top-scoring comments for each
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vaccine-related topic for Toronto and Calgary are shown in
Multimedia Appendix 4.
Public sentiments for all emotions in Toronto and Calgary were
significantly different between the 2 vaccine-related topics and
between vaccine-related and non–vaccine-related comments
(P<.001), except for the expression of fear in r/calgary
comments (Multimedia Appendix 5). No significance was
detected in the degree of fear between non–vaccine-related
comments and those that discussed first and second dosages of
COVID-19 vaccines.
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In the Calgary Reddit community, comments discussing
vaccination rates expressed lowest intensity for joy and the
highest score for negative emotions (Multimedia Appendix 5).
This coincides with Alberta having lower vaccination rates than
British Columbia and Ontario (Multimedia Appendix 5). In
Toronto, a higher degree of positive sentiment was observed in
the vaccine-related comments (P<.001), with the highest median
score occurring in comments that discussed vaccine side effects,
followed by those pertaining to vaccine uptake (Multimedia
Appendix 5).

Figure 3. Word clouds for vaccine-related topics across the 3 cities.

Sentiments Toward Vaccine Uptake Significantly
Differed Across Cities
Sentiments toward vaccine uptake, the only vaccine-related
topic shared by all 3 cities, differed significantly among cities
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across all emotions (P<.001; Figure 4). Toronto had the highest
scores for anger and sadness and the lowest scores for joy and
fear. Vancouver and Calgary had statistically the same scores
for sadness, but Calgary had significantly higher scores for the
other emotions.
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Figure 4. Box plots showing the distribution of emotional intensity scores for vaccine uptake. Comparisons between cities were made using the
Mann–Whitney U test.

Discussion
Principal Findings
In this study, we analyzed comments on the posts in r/vancouver,
r/calgary, and r/toronto, which provide daily updates on case
numbers, hospitalizations, and other COVID-19–related
statistics. We found that the number of comments made on the
posts from the Vancouver subreddit positively correlated with
the number of new daily COVID-19 cases in British Columbia.
From the comments, 13 topics were identified. Two topics were
related to vaccines, 1 regarding vaccine uptake and the other
about vaccine supply. The levels of discussion for both topics
were linked to the total number of vaccines administered.
Calgary and Toronto also discussed vaccine uptake, and
sentiment scores for this topic differed across the 3 cities
(P<.001).
Since July 2020, British Columbia has experienced fluctuations
in COVID-19 cases and accompanying restrictions. Cases
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exponentially increased from 280 cases per day (7-day averages)
at the beginning of November 2020 to 833 cases per day at the
end of November 2020 [27]. In response, British Columbia
issued a 2-week policy on November 7, 2020, prohibiting social
gatherings outside of households [28]. This policy was renewed
on November 19, 2020, in addition to the implementation of a
mask mandate for public spaces [28].
Additionally, in April 2021, cases in British Columbia ranged
from 873 to 1130 per day (7-day averages), forming a third
peak. The increase in cases caused British Columbia to introduce
travel restrictions for nonessential travel between British
Columbia health authority boundaries, and to extend the state
of emergency twice within the month of April 2021 [29-31].
These peaks in case numbers align with the 2 peaks in
engagement on Reddit, and they were found to be significantly
positively correlated. This trend suggests that when case
numbers increase, more discussion is generated. This finding
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builds upon previous literature describing how people bond
over the topic of COVID-19 on Twitter [32].
Furthermore, while the number of comments and the number
of new cases of COVID-19 increase in tandem from October
2020, the number of comments peaks sooner and decreases at
a faster rate than the number of new cases of COVID-19. This
suggests that engagement on Reddit is a leading indicator of
COVID-19 transmission, as is the case with Google searches,
tweets, and Wikipedia page views [33].
However, for the second, higher peak in new cases of
COVID-19 in April 2021, the number of Reddit comments
increased, albeit at a lower rate, and did not exceed the peak in
November 2020. Thus, rather than being a predictor of the
number of cases, Reddit engagement patterns may instead be
indicative of avoidance behaviors stemming from social media
fatigue and the fear of COVID-19 arising from the stresses
brought by the November wave [33].
To understand what people discuss on Reddit, we performed
topic extraction and identified 13 topics through our model.
Compared to studies analyzing themes circulating on Twitter
at the beginning of the pandemic, in March 2020, we found that
people have continued to compare case numbers, talk about
restrictions, and share information on methods of preventing
spread [34,35]. In addition, other topics that reflect British
Columbia–specific policies and problems were discussed, such
as the high transmission of COVID-19 within health care sectors
such as long-term care homes during the second wave [36].
Two new, potentially more universal topics surrounding
different facets of vaccines have also emerged. The first one
addresses vaccine uptake, and the second one is about vaccine
availability. Discussion for these topics began trending upward
in November 2020, shortly after Pfizer and BioNTech
announced the efficacy of their vaccine during phase 3 trials
[37]. The level of discussion fluctuated as British Columbia
prioritized vaccinating health care workers and residents of
long-term care homes [38], but began to rise again in March
2021 as the public was administered vaccines [39].
At first, as the number of people vaccinated continued to grow,
vaccine-related discussions increased as well. Comments on
vaccine uptake have continued to increase, but have recently
decreased for vaccine availability. Topic scores for vaccine
availability were also generally higher than that of vaccine
uptake until around March 2021. This is likely owing to reports
of fluctuations and shortages in vaccine shipments [40,41]. Only
recently has British Columbia been able to secure consistent
and sufficient vaccine supplies enough to half the wait time
between first and second doses [42,43]. Based on the
significance of the Granger causality tests, it appears that
discussion about either topic may have driven anticipation and
demand for the vaccine.
Based on detailed discussions surrounding vaccines, we explored
how people felt about them on Reddit by constructing a random
forest regression model using tweets labeled with emotional
intensity scores. The resulting RMSE values were considered
acceptable, and the model was applied to predict emotional
intensity scores for Reddit comments. Afterward, we extracted
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the cleaned comment with the highest score for each emotion.
All 4 human authors agreed that the comments demonstrated
the emotions they represented. To further validate the scores, a
correlation matrix was created. As expected, the negative
emotions (anger, fear, and sadness) were strongly positively
correlated with each other but strongly negatively correlated
with joy.
Observing the trends in emotional intensity of comments over
time, we see that comments demonstrate more fear, anger, and
sadness than joy [34]. However, comments expressing joy began
increasing from April 2021, which coincides with the second
peak in case numbers and rise in vaccinations. Since no similar
changes were observed in November 2020, we concluded that
vaccinations were related to the increase in comments expressing
joy. To further confirm this, we compared emotional intensity
scores between the 2 types of vaccine-related and
non–vaccine-related comments and found that people expressed
significantly more positive sentiments about vaccines.
Interestingly, the level of fear expressed about vaccine supply
was not significantly different from that in non–vaccine-related
comments, and both were significantly higher than vaccine
uptake. Nonetheless, both vaccine topics had significantly lower
anger and sadness scores than non–vaccine-related topics. This
reflects concerns people have about not being able to get the
vaccine [44].
Finally, we sought to compare vaccine sentiments across
Canadian cities. In addition to discussing vaccine uptake as in
Vancouver, Calgary, and Toronto, each had another regionally
specific vaccine-related topics. For Toronto, these topics were
about vaccine side effects. The word cloud had generally
subjective and positive terms including “good” and “feel.”
However, it’s emotional scores suggest that the topic may be
polarized. Although it has the highest scores for joy, it also has
the highest scores for fear. Nonetheless, both vaccine-related
topics have significantly lower scores for anger and sadness
than non–vaccine-related topics. This suggests that despite
feeling generally positive about vaccines, there is still
apprehension.
In Calgary, the second topic appears to be about vaccination
rates. For this one, the sentiment is clear. The scores for negative
emotions
significantly
exceed
those
for
even
non–vaccine-related topics. Since Calgary has the lowest
vaccination rates and a lottery exclusively for vaccinated people
as an incentive [45], it appears that Redditors are frustrated over
the low uptake of vaccines.
When the common topic across all 3 cities—vaccine
uptake—was compared, notable differences were observed.
Calgary had the highest scores for fear, anger, and joy. Their
highest-scoring comment for this topic embodies the first 2
emotions as it seems as though they had inadequate vaccine
supply in the midst of high case numbers.
Interestingly, Toronto had the lowest scores for fear, despite
also having the lowest scores for joy and the highest scores for
sadness and anger. These sentiments could be attributed to
frustration over booking vaccines [46] or having strict
restrictions still in place despite high vaccination rates and
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decreasing case rates [47]. The low scores for fear than those
for Calgary and Vancouver, however, are challenging to explain,
especially since vaccine-related topics display higher fear than
non–vaccine-related topics within Toronto’s own subreddit.
Based on our analyses, Reddit comments on posts in
city-specific subreddits can be used to assess public sentiment
toward COVID-19–related topics. Thus, it is a cost-effective
and rapid way for officials to monitor citizens’ response to
policies. Implementation of sentiment analysis to understand
public perceptions of policies in Italy enhanced the
accountability and responsiveness of policymakers [48].
Additionally, since engagement on Reddit correlated with
COVID-19 cases and vaccination rates, discussion on social
media can serve as predictors for real-world statistics.
Finally, our analyses were able to capture variations in sentiment
about the same vaccine-related topic across the 3 cities.
Accordingly, it is possible for officials to design policies that
specifically target populations. For example, reassuring
messaging about vaccine side effects and safety may be most
useful for Toronto. In contrast, Vancouver could focus more on
increasing vaccine supply and Calgary on appealing to
vaccine-hesitant groups.

Limitations
Despite the promise in our results, our analyses are not without
limitations. First, the data were collected from subreddits, where
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anyone can comment. However, owing to the community-based
nature of the subreddits, we assume that the comments are from
commenters located in the cities we are studying. Therefore,
the analysis is assumed to be specific to local and provincial
policies.
Additionally, emotional intensity scores were assigned to Reddit
comments based on tweets because no similarly labeled Reddit
data set was available. Common libraries for sentiment analysis,
including TextBlob and VADER, lacked specificity for
COVID-19–related discussions. Since Twitter is similar to
Reddit, in that people post and respond to short, publicly
available messages under a username, we assumed that people
would use similar language.

Conclusions
Using comments on daily posts containing updates on
COVID-19 statistics from a location-specific subreddit, we were
able to relate changes in web-based engagement, discussion,
and emotional expression to case counts and vaccination rates.
Topics relevant to local news and policies were identifiable, as
were attitudes toward measures to curb disease spread, such as
vaccines. Overall, our study shows that data from social media
can be used to better understand concerns and sentiments
surrounding the pandemic at the local level, which enables more
targeted and publicly acceptable policies.
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Abstract
Background: Given that governmental prevention measures restricted most face-to-face communications, online self-disclosure
via smartphones emerged as an alternative coping strategy that aimed at reducing the impact of the COVID-19 pandemic on
people’s psychological health. Prepandemic research demonstrated that online self-disclosure benefits people’s psychological
health by establishing meaningful relationships, obtaining social support, and achieving self-acceptance, particularly in times of
crisis. However, it is unclear whether these dynamics transition well to lockdown conditions where online self-disclosure must
stand almost entirely on its own. Longitudinal investigations are needed to gain insights into the psychological functionalities of
online self-disclosure during the COVID-19 pandemic.
Objective: This study aimed to determine the temporal associations between smartphone online self-disclosure (as a
communicative behavior) and critical indicators of psychological health (including psychopathological, as well as hedonic and
eudaimonic states) during the first COVID-19 lockdown in Austria.
Methods: We conducted a representative 2-wave panel survey between late March/April 2020 and May 2020. A total of 416
participants completed both waves (43.1% attrition rate, given n=731 participants who completed the first wave). A partially
metric measurement invariant overtime structural equation model was used to determine the temporal associations among online
self-disclosure, fear of COVID-19, happiness, and psychological well-being.
Results: The analysis revealed that fear of COVID-19 significantly predicted online self-disclosure over time (b=0.24, P=.003)
and happiness over time (b=−0.14, P=.04), but not psychological well-being (b=0.03, P=.48), that is, stronger COVID-19 fears
at T1 prompted more online self-disclosure and less happiness at T2. Online self-disclosure, on the other hand, significantly
predicted happiness (b=0.09, P=.02), but neither fear of COVID-19 (b=−0.01, P=.57) nor psychological well-being (b=−0.01,
P=.57) over time. Participants who engaged more strongly in online self-disclosure at T1 felt happier at T2, but they did not differ
from less-disclosing participants concerning COVID-19 fears and psychological well-being at T2. Importantly, happiness and
psychological well-being were significantly related over time (happiness T1 → psychological well-being T2: b=0.11, P<.001;
psychological well-being T1 → happiness T2: b=0.42, P<.001).
Conclusions: Our findings suggest that online self-disclosure might play a pivotal role in coping with pandemic stressors. With
restrictions on their options, individuals increasingly turn to their smartphones and social media to disclose their feelings, problems,
and concerns during lockdown. While online self-disclosure might not alleviate fears or improve psychological well-being, our
results demonstrate that it made people experience more happiness during this crisis. This psychological resource may help them
withstand the severe psychological consequences of the COVID-19 crisis over longer timeframes.
(J Med Internet Res 2021;23(9):e28700) doi:10.2196/28700
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Introduction
Background
Across the world, fears (ie, an intense emotion emerging from
a perceived imminent threat [1]) related to the COVID-19
pandemic are having a pervasive influence on people’s
psychological health (understood in a “balanced” way as a
continuum that includes both the absence of psychopathological
and the presence of positive psychological states [2]) that
extends beyond its immediate threat to physical health [3] and
warrants extensive research efforts to face current and future
challenges [4]. With respect to these COVID-19 fears,
Schimmenti et al [5] used the apocalyptical label of the “four
horsemen” to emphasize how significant various states of fear
are in explaining people’s behavior during the pandemic.
According to them, COVID-19 fear involves the following four
domains that are mutually connected: fear of/for the body (ie,
the body as a potential source of danger and hypervigilance),
fear of/for significant others (ie, interpersonal relationships as
a potential threat and source for sorrow), fear of (not) knowing
(ie, information as a potentially unsettling necessity), and fear
of (in)action (ie, decisions that once made or avoided can be
potentially harmful). Empirical evidence broadly supports their
emphasis showing enhanced levels of fear and other harmful
emotional states (such as depressive tendencies and stress)
during the COVID-19 pandemic [6-9].
In addition to the fear of getting infected, most governments
issued prevention orders that minimized public life and called
for physical distance as the appropriate interpersonal norm for
private and public gatherings. Consequently, unrestricted
face-to-face social environments disappeared almost completely.
To deal with this profound change and related adverse
psychosocial states, individuals exercised various coping
strategies [10,11].
This study focuses on one key coping strategy, online
self-disclosure. Self-disclosure is defined as the communication
of self-related private information to other people [1].
Self-disclosure has long been established as a critical coping
behavior in institutionalized therapeutic contexts [12] and
informal private settings [13]. In times of the pandemic and
particularly during lockdowns, self-disclosure may instead be
exercised frequently on social media, most notably via mobile
devices such as smartphones. Affordances in such online
contexts differ from most offline contexts when it comes to the
frequency, breadth (ie, diversity), and depth (ie, intimacy) of
self-disclosures [14,15]. Yet, prior research suggests that online
self-disclosure can directly contribute to people’s psychological
health (as an efficient coping behavior) and indirectly by
prompting offline self-disclosure as an additional coping
resource [16].
Against this background, this study looks at the consequences
of online self-disclosures during the first lockdown period of
the COVID-19 pandemic in 2020.
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This study contributes to our understanding of digital media’s
roles in times of a pandemic in several ways. First, we, for the
first time, shed light on how self-disclosure via smartphones
can help individuals cope with pandemic-related stressors,
ultimately fostering psychological health. Second, and related
to that, we focus on people’s online self-disclosure as a
communicative behavior rather than on experiential constructs
such as perceived social support and feelings of loneliness.
Third, from a methodological standpoint, this study contrasts
itself from the great abundance of cross-sectional research by
reporting results from a 2-wave longitudinal survey that took
place during the first COVID-19 lockdown in Austria. Our
sample followed representative quota data, allowing for greater
generalizability of the results. Moreover, by employing
measurement invariant overtime structural equation models, we
can provide the first glimpse into temporal order and directional
associations between key constructs. Overall, our study aims
at providing the first empirical evidence about how online
self-disclosure in times of COVID-19 serves as an effective
coping behavior that is provoked by COVID-related fears and
leads to improved psychological health.

Fear of COVID-19 as a Predictor of Online
Self-Disclosure, Happiness, and Psychological
Well-being
In comparison to previous years, overall media use has been on
the rise during the COVID-19 pandemic [17,18]. Interestingly,
a study by Ohme et al [19] revealed that people tend to prioritize
mobile messengers over more public social media platforms
when confronted with pandemic-related developments,
indicating an immediate need for social support. Large-scale
analyses of people’s public social media activities exhibited
more verbal expressions that would typically be considered as
symptomatic of mental health hazards (eg, anxiety, depression,
stress, and suicidal ideation), and outreaches for emotional and
informational support [20]. Such private and public media
activities align with the basic premise of the fever model of
disclosure [21]. According to this theoretical approach,
self-disclosure is understood as a self-regulative behavior that
emerges as a function of experienced distress and aims for
maintaining
psychological
health.
Self-disclosing
communications are assumed to become more likely under
elevated levels of distress to elicit support from close others
that may help people cope.
Undoubtedly, the COVID-19 pandemic has been a significant
stressor for individuals, especially with respect to fear, as people
are “worried, fearful, and uncertain about COVID-19 and the
consequences it will have for themselves, their families,
communities, and the nation” [6]. Following the fever model
of disclosure [21], we theorize that online self-disclosure is one
possible coping strategy that individuals use to deal with these
fears during lockdown. Following this argumentation, we
expected that COVID-19 fears lead to more frequent online
self-disclosures. The first hypothesis (H1) was as follows: Fear
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of COVID-19 positively predicts online self-disclosure on social
media over time.
Except occasionally for playful media-induced feelings [22],
fear is generally regarded as a negatively experienced emotion
with high valence and arousal [23] that, if not reappraised or
extinguished, can damage people’s psychological health [24,25].
Protection measures (such as intensified online self-disclosure)
may not always suffice to reappraise or eliminate the complex
web of fears. In the case of the COVID-19 pandemic (in
particular, during the first lockdown), people have been
continuously afraid of and hypervigilant about any yet unknown
or newly arising threats [5]. It is, therefore, not surprising that
findings point toward a negative link between people’s
COVID-19 fears and their psychological health [26]. Since there
were no major alleviating events during the timeframe of this
study (ie, March/April to May 2020) that may have mitigated
its impact, we hypothesized that people’s COVID-19–related
fear will have a negative influence on the following two key
indicators of psychological health: happiness and psychological
well-being. These indicators were selected because each reflects
one of the following two dominant traditions in positive
psychology: hedonism and eudaimonism [27,28]. More
specifically, we follow a previous report [29] in their definition
of happiness as the presence of pleasant and the absence of
unpleasant emotions, and their definition of psychological
well-being as an umbrella term that includes various eudaimonic
experiences, such as meaning and purpose in life, satisfied
psychological needs, and self-acceptance. While both indicators
contribute individually to psychological health, it is their
interaction that can lead people to flourish [30,31]. Due to this
mutually reinforcing role in promoting the proverbial good life,
we examined both their relationships with fear over time. The
second hypothesis (H2) was as follows: Fear of COVID-19
negatively predicts (1) happiness and (2) psychological
well-being over time.

Online Self-Disclosure as a Predictor of Happiness,
Psychological Well-being, and Fear of COVID-19
Everything considered, prepandemic research suggests that
online self-disclosure can have positive consequences for
psychological health. Luo and Hancock [32] detailed different
mechanisms through which people may benefit. Most notably,
disclosing personal feelings to others in social media constitutes
the basis for meaningful online conversations that promote
social capital [33] and interpersonal relatedness [34], and help
against loneliness [35] and stressful life events [36]. As
evidenced in the study by Trepte et al [16], online self-disclosure
may also provide a fertile ground for long-term impacts, since
it reinforces online self-disclosure in the course of time and
carries over to offline (ie, face-to-face) self-disclosures.
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This advantageousness might be reinforced during COVID-19
as people may have become more aware and intentional of their
online self-disclosures [37]. Within formal therapeutic settings,
research has highlighted how online treatments during the
pandemic can facilitate self-disclosures and their benefits for
psychological health [38,39]. More informally, the unique
affordances of social media have been argued to facilitate
self-disclosures during COVID-19 that, in turn, may help people
to maintain a sense of control [40]. Nevertheless, Canale et al
[41] did not find a significant direct correlation between
emotional online self-disclosure and psychological health during
COVID-19. Indirect effects, however, align with prepandemic
links between online self-disclosure and social support. Here,
cross-sectional studies have validated the positive effect of
social support, very likely following online self-disclosure, on
individuals’ psychological health [41,42]. In other words,
individuals who disclosed their COVID-19–related concerns
online were more likely to receive immediate social support,
such that they understood or got the impression that they are
not alone. Based on these findings, we assumed that online
self-disclosure should be positively related to happiness and
psychological well-being during the pandemic. The third
hypothesis (H3) was as follows: Online self-disclosure on social
media positively predicts (1) happiness and (2) psychological
well-being over time.
Online self-disclosure during the pandemic may help to not
only improve positive psychological states at large but also cope
with adverse feelings. The first cross-sectional evidence supports
this position. As presented in the study by Canale et al [41],
expressing emotions deliberately in online conversations was
found to be beneficially associated with coping with
COVID-19–related trauma. In this context, emotional online
self-disclosures may be understood as a behavioral manifestation
linked to adaptive emotion regulation strategies (such as
acceptance and perspectivization) that help people cope with
their COVID fears [43]. However, cross-sectional investigations
cannot determine the directions in which these associations may
work. Participants in the study by Canale et al [41] may have
overcome COVID-19 trauma due to stronger self-disclosure
activities; yet, considering that online conversations are often
biased toward displaying positive information [44], it is equally
possible that those participants who had scored lower on
COVID-19 trauma were merely more motivated to disclose
their feelings online. Still, following the report by Luo and
Hancock [32], we assumed that people who engage in online
self-disclosure during the pandemic might experience less fear
about it at a later point in time. The fourth hypothesis (H4) was
as follows: Online self-disclosure on social media negatively
predicts fear of COVID-19 over time. The full theoretical model
is shown in Figure 1.
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Figure 1. Full theoretical model of this study. Solid lines indicate the paths that were included in the hypotheses, and dashed lines indicate the paths
that were involved in statistical analysis.

Methods

their consent, report whether they are using a smartphone, and
be at least 16 years of age.

Data Statement

A total of 731 participants (mean age 40.49 years, SD 13.33
years; 394 [53.9%] women; 150 [20.5%] with lower secondary
education or less, 340 [46.5%] with vocational school education
or secondary education, and 241 [33.0%] with complete
university education) completed the survey in the first wave.
Among these participants, 416 also completed the second wave
(mean age 41.97 years, SD 13.59 years; 226 [54.3%] women;
90 [21.6%] with lower secondary education or less, 187 [45.0%]
with vocational school education or secondary education, and
139 [33.4%] with complete university education). The attrition
rate between the two waves was 43.1%. There was no significant
difference between participants who dropped out after the first
wave (T1; n=315) and participants who also completed the
second wave (T2; n=416) regarding gender (χ22=1.37, P=.50,

The data of this paper (which is available at Open Science
Framework Project Space [45]) is part of a more comprehensive
project examining longitudinal relationships between
smartphone use in times of COVID-19 and well-being.
Importantly, the paper only reports variables that are relevant
to the present research interest.

Sampling and Procedure
We conducted a 2-wave panel survey during the first COVID-19
lockdown in Austria. Data collection took place in late
March/early April 2020 (T1) and May 2020 (T2) within a
1-month interval. This 1-month (ie, on average) interval was
chosen because we were looking at medium-term processes
unfolding over several weeks. There was a strong and
unpredictable dynamic during the early stages of the COVID-19
pandemic. A larger time span (eg, 6 or 12 months) may have
been problematic because several confounding events could
have occurred during data collection, making the findings of a
larger time-frame meaningless.
Before we started collecting data, we sought ethical clearance
from the Institutional Review Board of the Department of
Communication at the University of Vienna. Participants were
recruited by the professional online polling institute Dynata.
Complementarily, another sample was collected simultaneously
at the University of Vienna using the same questionnaire,
methodology, and quota plan. We used representative quotas
for age, gender, and educational level in Austria. For participants
to take part in the data collection, they were required to provide
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Cramér V=0.043), education (χ25=5.33, P=.38, V=0.085), fear
of COVID-19 (t729=0.50, P=.62, Cohen d=0.037), online
self-disclosure on social media (t729=−1.45, P=.15, d=−0.108),
happiness (t729=0.40, P=.69, d=0.030), and psychological
well-being (t631.01=0.42, P=.68, d=0.032). Participants who
dropped out at T2 had a lower age (mean 38.53 years, SD 12.80
years) than participants who participated in both surveys (mean
41.98 years, SD 13.55 years; t729=3.49, P=.001, d=0.261).

Measures
All implemented measures were based on established scales.
Given that this study was part of a more comprehensive survey,
we opted for short scales that were constructed using
high-loading items of these established scales to reduce dropout
and prevent respondent fatigue while at the same time minimize
reliability and validity losses.
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Fear of COVID-19

Statistical Analysis

Similar to Ahorsu et al [8], we employed 2 items measuring
fear of COVID-19. We asked participants to indicate their
agreement to the following 2 statements: “The coronavirus
scares me” and “I am afraid that I could get infected with the
coronavirus.” Participants answered on a 5-point Likert scale
ranging from “strongly disagree” to “strongly agree” (T1:
Cronbach α=.76; mean 2.77, SD 1.07; T2: α=.80; mean 2.42,
SD 1.07). Principal component analysis resulted in a
1-dimensional scale (eigenvalue=1.61; accounting for 80.03%
of the variance).

Using SPSS Amos [49], we conducted structural equation
modeling with full information maximum likelihood estimation.
Apart from our control variables, we controlled for
autoregressive effects (eg, fear of COVID-19 at T1 as a predictor
of fear of COVID-19 at T2). Furthermore, we estimated all
reciprocal effects.

Online Self-Disclosure on Social Media
We measured online self-disclosure on social media, with 4
items adapted from Schouten et al [35,46]. We asked participants
how often they have used their smartphones during the last week
to communicate the following content on social media platforms:
“personal feelings about the corona crisis,” “concerns about the
novel coronavirus,” “private problems regarding the corona
crisis,” and “fears of the novel coronavirus.” Participants
answered on a 7-point Likert scale ranging from “never” to
“very often” (T1: α=.91; mean 2.30, SD 1.57; T2: α=.92; mean
1.87, SD 1.32). Principal component analysis indicated a
1-dimensional scale (eigenvalue=3.12; accounting for 78.00%
of the variance).

Before we conducted the data analysis, we additionally checked
for longitudinal measurement invariance of all outcome variables
by constraining all factor loadings of our latent variables at T1
and T2 [50]. Based on the comparative fit index (CFI),
Tucker-Lewis Index (TLI), Bentler-Bonett Normed Fit Index
(NFI), chi-square to degrees of freedom ratio (χ2/df), and root
mean square error of approximation (RMSEA), the goodness
of fit of the model can be considered as good (CFI=0.95;
TLI=0.93; NFI=0.91; χ2/df=2.26, P<.001; RMSEA=0.04; 90%
CI 0.04-0.05). We established a partial metric invariance model
that does not fit the data worse compared to the unconstrained
model (χ29=16.54, P=.06). For this partial metric invariance
model, 1 factor loading for happiness and 2 for well-being were
not forced to be equal over time. Thus, partial metric invariance
over time was established, indicating no substantial differences
in meaning of all latent variables over time [50].

Happiness

Results

We assessed happiness with 3 items derived from Wirth et al
[47,48] on a 7-point Likert scale ranging from “never” to “very
often.” Participants were asked how often they were “in a good
mood,” “happy,” and “joyful” in the last week (T1: α=.92, mean
4.86, SD 1.40; T2: α=.94, mean 5.20, SD 1.36). Principal
component analysis showed that happiness is a 1-dimensional
scale (eigenvalue=2.59; accounting for 86.44% of the variance).

Zero-order correlations and the main results of the structural
model are shown in Table S1 and Table S2 in Multimedia
Appendix 1. In line with H1, findings from the autoregressive
latent variable model suggests that fear of COVID-19 positively
predicts online self-disclosure on social media over time
(b=0.24, SE=0.08, P=.003) (Figure 2). Neither happiness nor
psychological well-being measured at T1 predicted online
self-disclosure on social media at T2. However, we found that
higher educated individuals were more likely to self-disclose
online over time (b=0.30, SE=0.13, P=.03).

Psychological Well-being
For psychological well-being, we used 7 items derived from
Diener et al [29]. We asked participants to indicate their
agreement to the following 7 statements on a 5-point Likert
scale ranging from “strongly disagree” to “strongly agree:” “I
lead a purposeful and meaningful life,” “I am optimistic about
my future,” “My social relationships are supportive and
rewarding,” “I am engaged and interested in my daily activities,”
“I actively contribute to the happiness and well-being of others,”
“I am competent and capable in the activities that are important
to me,” and “I am a good person and live a good life” (T1:
α=.88, mean 3.97, SD 0.72; T2: α=.90, mean 3.95, SD 0.77).
Principal component analysis resulted in a 1-dimensional scale
(eigenvalue=4.05; accounting for 57.85% of variance).

Control Variables
As controls, we assessed participants’ age, gender (1=male;
2=female), and education (compulsory school levels=low;
secondary school levels=moderate; high school and university
levels=high). Additionally, we controlled for the sampling
method using a dummy variable (0=polling quota sample data;
1=university quota sample data).

In H2, we assumed that fear of COVID-19 negatively predicts
(1) happiness and (2) psychological well-being over time. While
we found support for H2a (b=−0.14, SE=0.07, P=.04), there
was no support for H2b (b=0.03, SE=0.04, P=.48). Furthermore,
there were significant positive relationships between age and
psychological well-being (b=0.01, SE=0.00, P=.004), as well
as between female gender and psychological well-being (b=0.13,
SE=0.06, P=.03).
In line with H3a, we found that online self-disclosure on social
media positively predicted happiness (b=0.09, SE=0.04, P=.02).
However, against the expectation formulated in H3b, online
self-disclosure was found to be unrelated to psychological
well-being over time (b=−0.01, SE=0.02, P=.57). Yet, it is
important to note that psychological well-being and happiness
were significantly related over time (happiness T1 →
psychological well-being T2: b=0.11, SE=0.03, P<.001;
psychological well-being T1 → happiness T2: b=0.42, SE=0.09,
P<.001).
Finally, we found no support for H4, as online self-disclosure
was not a significant negative predictor of fear of COVID-19
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over time (b=−0.01, SE=0.02, P=.57). Combined with the
findings for our first hypothesis, this suggests that fear can
prompt self-disclosure, but the reciprocal relationship cannot
be observed. Moreover, fear was not significantly predicted by
any other variable in our data set, except for psychological

Matthes et al
well-being, indicating that individuals with high psychological
well-being are less likely to experience fear of COVID-19 over
time compared to individuals with lower scores (b=−0.15,
SE=0.07, P=.04).

Figure 2. Summary of the principal results of the autoregressive structural equation model. Solid lines indicate the paths (presented with unstandardized
path coefficients and standard errors in parentheses) that were included in the hypotheses, and dashed lines indicate the paths that were involved in
statistical analysis (for detailed results including covariates, see Multimedia Appendix 1). Significant paths are displayed in green, and nonsignificant
paths are displayed in red.

Discussion
Principal Findings
This study provides empirical support for the coping strategy
of online self-disclosure. More specifically, our main findings
reveal that more intense COVID-19 fears at the beginning of
the first COVID-19 lockdown (T1) predicted greater online
self-disclosure at the end of the lockdown 1 month later (T2),
indicating that it has been considered a relevant means of coping
in light of governmental restrictions. Further, the study shows
that greater engagement in online self-disclosure at T1 coincides
with increased feelings of happiness at T2, suggesting coping
effectiveness with regard to hedonic emotional states. Notably,
psychological well-being at T2 was not linked to COVID-19
fears and online-self disclosure at T1.
In the time of COVID-19, people all over the world have been
confronted with significant psychological stressors, such as the
likelihood of being infected or the social isolation resulting from
lockdown measures. Social media provide a way to cope with
these stressors, especially by disclosing self-related private
information to other people. Such online self-disclosure has an
important psychological function. By disclosing their concerns,
fears, or personal problems during the lockdown, individuals
connect with others and maintain the feeling of not being alone,
which may save them from harmful health-related consequences.
https://www.jmir.org/2021/9/e28700
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In this study, using partially metric measurement invariant
structural equation modeling, we found the first empirical
evidence that fear of COVID-19 increased smartphone-based
self-disclosure on social media, which, in turn, fostered
individuals’ happiness. Three aspects of our findings are
particularly noteworthy. First, while fear of COVID-19 fostered
online self-disclosure over time, we did not observe any
evidence for the reverse effect. This means fear leads people to
disclose their concerns using digital media, but this does not
help to alleviate fear. Interestingly, happiness, which was
positively predicted by online self-disclosure, did not reduce
fear of COVID-19 over time either. In order to interpret these
findings, we need to keep in mind that the study was conducted
during the first lockdown in Austria in spring 2020, where the
uncertainty regarding the pandemic, the epidemiologic
characteristics of the coronavirus, and its consequences for
human life were arguably at its peak in many countries. In other
words, no matter the amount of online self-disclosure, fears of
COVID-19 remained present, most likely due to the ongoing
risks and uncertainties associated with it. In fact, the only
construct that was found to reduce fear over time was
psychological well-being. Individuals who report a high degree
of psychological well-being may have more confidence in their
ability to master or control the virus or exhibit stronger resilience
against adverse psychological states [51]. Clearly, more
empirical insight is needed to explain this finding.
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Second, it is noteworthy that, compared to happiness, we did
not observe a relationship between online self-disclosure and
psychological well-being. Happiness can be understood as a
relatively transient hedonic emotional state in which individuals
experience pleasure and joy [29]. By contrast, psychological
well-being includes more stable and long-term eudaimonic
indicators such as life satisfaction and quality of life [52]. This
refers to the notion that our current life and our life achievements
are perceived as being close to our general ideals and goals in
life [53]. The inconsistent effectiveness of online self-disclosure
for coping may be explained by the contrast in both indicators’
scopes. Disclosing to others how one personally feels about
COVID-19, even if done repeatedly over the course of 4 weeks,
may come as a habitualized temporal relief from
pandemic-related stressors; however, it might not by itself be
capable of changing the bleak circumstances that created these
stressors in the first place (nor stressors unrelated to the
pandemic) in such a brief period. Within 4 weeks, online
self-disclosure may therefore “only” facilitate ephemeral
affective states that got repeatedly threatened by COVID-19
but not more stable long-term self-evaluations that most likely
go beyond the circumstances of the pandemic. However, as
evident in our data, happiness and psychological well-being are
positively and reciprocally related over time. This may suggest
that online self-disclosure may impact psychological well-being
indirectly, that is, by affecting happiness in the first place, which
then influences individuals’ psychological well-being.
Unfortunately, with only 2 panel waves, we lack the data to test
such mediated relationships.
Notwithstanding this limitation, one could argue that happiness
serves as an important psychological resource in times of crisis.
In states of happiness, individuals are likely to select and process
emotionally congruent (ie, positive) information, which may
facilitate self-confidence and prevent the emergence of
depressive tendencies [54]. One could also assume that happy
individuals differ from unhappy individuals in the ways in which
they cope with the flow of negative media information
surrounding the COVID-19 pandemic [55]. Of course, additional
data are needed to firmly test these conjectures.
Third and finally, online self-disclosure was only predicted by
fear and not by happiness and psychological well-being, pointing
to the very nature of self-disclosure, that is, self-disclosure can
be understood as a means to cope with negative stressors and
not to communicate positive experiences. Accordingly, online
self-disclosure is not reduced (nor enhanced) in positive life
situations. The combination of these findings supports the notion
that online self-disclosure comes as a suitable coping strategy
in the face of physical distance and government restrictions
impeding face-to-face–based coping that appears to withstand
the general positivity bias in social media environments.

Limitations
Some limitations need to be acknowledged. Lockdowns and
other government measures to fight COVID-19 differ between
countries, which may have a significant impact on
self-disclosure behaviors. Thus, findings from Austria may not
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be generalizable to other countries, necessitating additional
empirical evidence. Related to this, data collection in this study
started at the beginning of the lockdown in March/April 2020,
lasting until the end of the lockdown in May 2020 in Austria.
The findings may thus not be generalizable to the entire period
of the COVID-19 pandemic, such as subsequent COVID-19
lockdowns, that is, individuals may behave in different ways
during a second lockdown than they did during the first
lockdown. Therefore, familiarity with a lockdown situation and
compliance with government measures should be taken into
account in future research. Moreover, future studies should use
more measurements, ideally spanning over lockdown and
nonlockdown periods.
With regard to methodology, we relied on participants’
self-reports to measure online self-disclosure. Clearly, self-report
data have limitations as they are prone to social desirability and
other measurement errors. Participants in this study may have
underestimated or overestimated their levels of online
self-disclosure. Related to this, our measures and data allow no
assumptions about the content of online self-disclosure.
Individuals may have enclosed several emotional states, such
as fears, practical problems, economic issues, and health-related
aspects. In order to shed light on the content of self-disclosure
during the pandemic, qualitative methodologies are particularly
warranted. Moreover, although we could observe effects over
the course of 1 month, our research design did not allow any
conclusions about longitudinal mediation mechanisms. Future
research should continue this work with more panel waves.
Such data would also account for mediation paths among fear
of COVID-19, online self-disclosure, and psychological
outcomes.
Finally, the relationship between online self-disclosure and
psychological well-being may depend on individual
predispositions. For instance, chronically distressed individuals
may not benefit from online self-disclosure [32]. The reason
can be found in their distress-related tendency to share more
negative or inauthentic information, which is usually
accompanied by more negative received feedback. Future
research should investigate these individual-level contingent
conditions.

Conclusions
Taken together, our findings suggest that self-disclosure in
online digital media can play a major role in restoring people’s
happiness during COVID-19 and the lockdowns it has brought
upon us. With the worldwide spread of COVID-19, fear was a
prevalent emotional reaction among many people. To deal with
this fear, individuals used digital media, especially social media
via their smartphones, to disclose their feelings, problems, and
concerns. We showed that such online self-disclosure
opportunities contributed to the psychological health of
individuals. Although online self-disclosure did not affect
psychological well-being, it made people happier over time,
which is an important psychological resource in times of
uncertainty, crisis, and stress.
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Abstract
Background: COVID-19 is caused by the SARS-CoV-2 virus and has strikingly heterogeneous clinical manifestations, with
most individuals contracting mild disease but a substantial minority experiencing fulminant cardiopulmonary symptoms or death.
The clinical covariates and the laboratory tests performed on a patient provide robust statistics to guide clinical treatment. Deep
learning approaches on a data set of this nature enable patient stratification and provide methods to guide clinical treatment.
Objective: Here, we report on the development and prospective validation of a state-of-the-art machine learning model to
provide mortality prediction shortly after confirmation of SARS-CoV-2 infection in the Mayo Clinic patient population.
Methods: We retrospectively constructed one of the largest reported and most geographically diverse laboratory information
system and electronic health record of COVID-19 data sets in the published literature, which included 11,807 patients residing
in 41 states of the United States of America and treated at medical sites across 5 states in 3 time zones. Traditional machine
learning models were evaluated independently as well as in a stacked learner approach by using AutoGluon, and various recurrent
neural network architectures were considered. The traditional machine learning models were implemented using the
AutoGluon-Tabular framework, whereas the recurrent neural networks utilized the TensorFlow Keras framework. We trained
these models to operate solely using routine laboratory measurements and clinical covariates available within 72 hours of a
patient’s first positive COVID-19 nucleic acid test result.
Results: The GRU-D recurrent neural network achieved peak cross-validation performance with 0.938 (SE 0.004) as the area
under the receiver operating characteristic (AUROC) curve. This model retained strong performance by reducing the follow-up
time to 12 hours (0.916 [SE 0.005] AUROC), and the leave-one-out feature importance analysis indicated that the most
independently valuable features were age, Charlson comorbidity index, minimum oxygen saturation, fibrinogen level, and serum
iron level. In the prospective testing cohort, this model provided an AUROC of 0.901 and a statistically significant difference in
survival (P<.001, hazard ratio for those predicted to survive, 95% CI 0.043-0.106).
Conclusions: Our deep learning approach using GRU-D provides an alert system to flag mortality for COVID-19–positive
patients by using clinical covariates and laboratory values within a 72-hour window after the first positive nucleic acid test result.
(J Med Internet Res 2021;23(9):e30157) doi:10.2196/30157
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Introduction
COVID-19 is caused by the SARS-CoV-2 virus and is suspected
to be of zoonotic origin, with spillover from bats or pangolins
into humans in Wuhan, China [1,2]. COVID-19 has become
one of the largest public health emergencies of the past century
with over 203 million confirmed cases and 4.3 million deaths
as of August 2021 according to the World Health Organization
[3]. The COVID-19 pandemic has overwhelmed global medical
supply chains, hospitals, and economies, which has led
governments to respond with varying policies, including mask
mandates and travel restrictions [4,5]. At times, hospitals and
health care workers have become so overburdened with patients
with COVID-19 that they have been forced to ration care, raising
logistical and ethical concerns [6].
The clinical course of COVID-19 is diverse with most
individuals experiencing mild or asymptomatic disease, but
many patients develop life-threatening diseases, including
features such as cytokine storms, thrombotic complications, or
severe acute respiratory syndrome requiring mechanical
ventilation or extracorporeal membrane oxygenation [7]. A
major medical challenge is therefore to reliably triage patients
according to their risk for severe disease. Age is consistently
observed to be a predominant risk factor for severe disease [7],
but deaths are not limited to older adults and the majority of
older patients survive COVID-19 [7]. Other comorbidities and
laboratory test values are expected to be capable of further
individualizing and enhancing mortality prediction. Recent
studies investigating statistical and machine learning (ML)
models for mortality prediction have confirmed that detailed
evaluation of medical records can facilitate further stratification
of patients [8-12].
A systematic review of 147 published or preprint prediction
models found consistent problems with inherent biases in the
data sets investigated or created in all such studies, ultimately
concluding that “we do not recommend any of these reported
prediction models for use in current practice” [12]. Clinical
practices differ in the nature of their observational electronic
health record (EHR) data set, patient population, clinical
practices, and electronic record or laboratory ordering practices.
Correspondingly, the literature review conducted at the outset
of this study indicated that the existing prediction models were
likely unsuited to our clinical setting without essentially starting
afresh by retraining, validating, and testing predictions.
We describe Mayo Clinic’s experience assembling, what is to
our knowledge, the largest reported COVID-19 database for
mortality prediction and using this database to create a system
for COVID-19 mortality prediction, tailored to a unique patient
population. Despite the biases inherent to it, because this large
and growing database represents a health care system spanning
5 states and 3 time zones over a study window greater than 11
months, our model is expected to be the least confounded and
the most generalized COVID-19 mortality predictor published
https://www.jmir.org/2021/9/e30157
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to date. We report the successful development and validation
of a state-of-the-art ML model to provide mortality prediction
shortly after confirmation of SARS-CoV-2 infection in this
Mayo Clinic patient population and discuss in detail the various
logistical and scientific challenges involved in the early
deployment of such a system in a rapidly changing pandemic
environment.

Methods
Study Design
This work required the development of a data set and the
subsequent modeling of the resultant cohort. After data
collection and cleaning, 2 broad classes of algorithms were
considered to model this data. The first approach ignores the
time series nature of the underlying data and applies traditional
ML classifiers. The second approach explicitly models the time
series data while dealing with the missing-not-at-random
(MNAR) values by using specialized recurrent neural networks
(RNNs). Both types of modeling methods were run
independently and compared using cross-validation, and a single
winning model was selected for prospective performance
validation.

EHR and Laboratory Information System
Observational Cohort Data Collection
This study adheres to a research protocol approved by the Mayo
Clinic Institutional Review Board. Data were retrospectively
collected after March 1, 2020 on COVID-19–positive
individuals presenting to a Mayo Clinic site or health system,
while excluding patients without research consent or from
European Union countries covered by the general data protection
regulation law. We restricted our focus to 11,807 patients with
a positive COVID-19 nucleic acid test result on or before
January 27, 2021 and at least one non-COVID test result.
Although the data collection system is deployed and ongoing,
the January cutoff was selected for this study to provide
sufficient cohort size while allowing a minimum of 3 weeks of
follow-up to accurately establish survival status. Mayo Clinic’s
EHR and laboratory information system (LIS) contain data from
each of its 3 campuses (Rochester, Minnesota; Jacksonville,
Florida; Scottsdale, Arizona) as well as the surrounding health
system sites spanning 5 states (MN, IA, WI, FL, and AZ).
Although the EHR contains clinically reportable laboratory
results, many of these can only be reported within defined
ranges, which can result in qualitative text values rather than
the raw numeric measurements. Because many ML algorithms
typically work better with quantitative rather than qualitative
results, we used the LIS to gather such laboratory testing
measurements and the EHR to gather the remaining variables.
The EHR data were queried from an underlying Db2 database
(IBM Corp), and the LIS data were queried from an SQL
database (Microsoft).
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Multivariate Time-Series Data With Missingness
The clinical covariates collected were age, sex, height, weight,
Charlson comorbidity score, temperature, blood pressure,
respiratory rate, oxygen saturation (SpO2) levels, and diagnoses
of chronic kidney disease or diabetes mellitus. Furthermore, we
included laboratory test values from a basic metabolic panel,
complete blood counts, and some less routine test results of
relevance to COVID-19, as determined by scientific literature
and physician collaborators. Table 1 details the features collated
into our database. In Multimedia Appendix 1, we provide a
detailed breakdown of these clinical covariates and laboratory
values in our cohort (Table S1 of Multimedia Appendix 1) as
well as the cohort’s geographic distribution (Figure S1 of
Multimedia Appendix 1). Differentiating between missing data
and absence of a condition is not possible from EHR diagnostic
codes, particularly for patients treated in an outpatient setting.
Therefore, we focused mainly on the Charlson comorbidity
index [13], which is populated in our EHR when there is a
recorded medical history during a “patient encounter” in the
EHR. Thus, this variable is available and can be assigned a
value corresponding to no comorbidities, which is distinct from
missingness in the case of no recorded medical history in the
EHR. However, owing to their emphasis within the literature,
we also included chronic kidney disease [9] and diabetes
mellitus [14] as independent comorbidity variables using their
ICD-10 (International Classification of Diseases) codes while
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acknowledging that these variables conflate missingness with
lack of a condition.
Clinical covariates such as pre-existing conditions, height, and
weight were sampled infrequently, whereas heart rate and SpO2
were recorded every 15 minutes for inpatients in our EHR, and
other laboratory tests were intermediate in terms of frequency.
Therefore, to deal with these multiscale time series
measurements, we used the laboratory measurements as the
starting point to define our sampling time points. For the
variables of sex, age, weight, height, diabetes mellitus, chronic
kidney disease, and Charlson comorbidity index, we encoded
these variables to exist at the first time point only; in our top
performing RNN models, we observed no difference in
performance using this strategy when compared to repeating
the observations at each time point. For the frequently observed
variables of blood pressure systole, blood pressure diastole,
temperature, pulse, respiratory rate, and SpO2, we computed
the minimum and maximum measurements for each calendar
day and appended these to each laboratory time point during
those dates; if no laboratory time point existed on a given day,
we created a new one at noon using these minimum and
maximum values. We considered time points within ±72 hours
of each patient’s first positive polymerase chain reaction (PCR)
result and performed a sensitivity analysis on the length of the
patient follow-up after this positive test result.
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Table 1. Feature measurements collected.
Abbreviation

Description (units or levels)

sex

Sex (male or female)

age

Age at time of polymerase chain reaction–positive test result (years)

weight

Weight (kg)

height

Height (cm)

PCR

SARS-CoV-2 nucleic acid test (+ or –)

SERO

SARS-CoV-2 serology antibody test (+ or –)

BASAA

Basophil count test (109/L)

EOSAA

Eosinophil count test (109/L)

HCT

Hematocrit test (%)

HGB

Hemoglobin test (g/dL)

LYMAA

Lymphocyte count test (109/L)

MCV

Mean corpuscular volume test (fL)

MONAA

Monocyte count test (109/L)

NEUAA

Neutrophil count test (109/L)

PLTC

Platelet count test (109/L)

RBC

Red blood cell count test (1012/L)

RDW

Red cell distribution width test (%)

WBC

White blood cell count test (109/L)

CRP

C-reactive protein test (mg/L)

D-DIMER

D-dimer test (ng/mL)

FERR

Ferritin test (mg/L)

IL6

Interleukin-6 test (pg/mL)

TRPS

Troponin T test (ng/L)

FIBTP

Fibrinogen test (mg/dL)

LD

Lactate dehydrogenase test (U/L)

IRON

Serum iron test (mg/dL)

TIBC

Total iron binding capacity test (mg/dL)

SAT

Percent iron saturation test (%)

TRSFC

Transferrin test (mg/dL)

BUN

Blood urea nitrogen test (mg/dL)

CHL

Chloride test (mmol/L)

GLU

Glucose test (mg/dL)

CALC

Calcium test (mg/dL)

CREA

Creatinine test (mg/dL)

POTA

Potassium test (mmol/L)

ALB

Albumin test (g/dL)

BICA

Bicarbonate test (mmol/L)

SODI

Sodium test (mmol/L)

BILI

Bilirubin test (mg/dL)

BPsystole

Blood pressure systole (mm Hg)
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Abbreviation

Description (units or levels)

BPdiastole

Blood pressure diastole (mm Hg)

Temp

Temperature (°C)

Pulse

Heart rate (1/min)

Resp

Respiratory rate (1/min)

SpO2

Oxygen saturation (%)

Charlson

Charlson comorbidity index (10-year survival probability)

CKD

Chronic kidney disease (+ or –)

DM

Diabetes mellitus (+ or –)

Time-Flattened ML Models
Time series data were flattened/encoded to a fixed length list
of features by carry forward imputation (ie, selection of the
most recently observed covariate values), ensuring compatibility
with traditional ML models. Specifically, after the data are
flattened in this fashion, it forms a tabular prediction task
suitable for any canonical supervised classification algorithm.
The recently published [15] Python-based automated ML tool
AutoGluon-Tabular (v0.2.0) was utilized to enable standardized
and reproducible ensemble stacking of many model classes (eg,
deep neural networks, LightGBM boosted trees, CatBoost
boosted trees, Random Forests, Extremely Randomized Trees,
XGBoost, and k-Nearest Neighbors).

the last observation carried forward modeling, since proper
modeling efforts should account for the time series structure in
the EHR data. We next look at models of this form.

RNN Time Series Models
As the second approach, we implemented the modified gated
recurrent unit (GRU) binary classification models proposed by
Che et al [16] that are capable of accounting for the MNAR
patterns within EHR data, and we adopt their notation. For a
given patient, we have D = 54 variables and a given time series
of T time points can be represented as a T × D matrix X whose
rows xt ∈
D variables

D, t= 1, . . . , T represent the t-th observation with
, d = 1, . . . , D. Accompanying each observation

AutoGluon-Tabular models were fit to our tabular data frames
using the “AutoGluon.TabularPrediction.fit” function using all
the default parameters except eval_metric='roc_auc'. After
running the fit function, access to each individual model created
by AutoGluon was achieved by the “get_model_names” method
on the resulting prediction object. This then allowed us to pass
the specified model to the “predict_proba” method’s optional
“model” argument for each of the following model types:
KNeighborsUnif,
KNeighborsDist,
NeuralNetFastAI,
LightGBMLarge, NeuralNetMXNet, RandomForestGini,
ExtraTreesGini, RandomForestEntr, ExtraTreesEntr, LightGBM,
XGBoost, LightGBMXT, CatBoost, WeightedEnsemble_L2.
Hereon, we refer to WeightedEnsemble_L2 as the “AutoGluon”
model since this was the output of the “predict_proba” method
when no single model type was specified.

xt is a time stamp st ∈

For relatively static features such as height, weight, or Charlson
comorbidity index, we would expect the time-flattened models
to be at no disadvantage, whereas the more frequently measured
data such as laboratory values or blood pressure will lose
information, particularly about trends in the covariates. For
instance, 2 individuals with a fever of 39°C recorded in the most
recent observation would be treated the same even if one had a
sustained high fever and the other had a brief downward trending
spike. Of course, there are many potential degrees of freedom
to capture more information in the flattened data; one could
define a fixed number of the most recent observations or fit a
line through the observations over time and pass the slope and
intercept as features to the classifier. However, ultimately, the
choice to flatten the time series is a choice of convenience and
one that attempts to leverage the extensive research efforts
devoted to tabular prediction, and therefore, we study here only

With matrices Wz, Wr, W, Uz, Ur,U and vectors bz, br, b
composed of model parameters, ⊙ is the Hadamard product,
and σ(·) is the elementwise sigmoid function. Before modifying
the architecture, there are 3 methods to use the GRU above to
handle missing data: in “GRU-Mean,” missing values are
imputed by their means in the training data; in “GRU-Forward,”
missing values are imputed by their last observed value; and in
“GRU-Simple,” we simply concatenate the xt, mt, and δt
variables into a single observation vector x ‘t and pass this
through the GRU equations above. The GRU-D method uses
trainable decay weights.
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, which starts at time 0, s1 = 0 and a

binary masking vector mt ∈ {0, 1}D with

taking value 1

when
is observed and 0 otherwise. From these values, we
can compute the time intervals.

With these definitions, we can look at various modifications to
the standard GRU architecture whose j-th hidden unit has a reset
gate
and update gate
update the equations.

with hidden state

at time t and

With Wγ and bγ being trainable model parameters. The
observations are then replaced by the update.
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where
is the last observed value of the d-th variable and
is the empirical mean of the d-th variable in the training data.
The modified GRU update equations for GRU-D become the
following.

where Vz, Vr, V are new model parameters to directly handle
the masking vector mt in the model.
Our implementation of the above equations in Python is a
slightly modified version of the code available on the GRU-D
paper’s [16] GitHub repository. For the core RNN algorithms,
we only edited the original GRU-D code, where required, to be
compatible with the more recent versions of tensorflow.keras
(version 2.1.0) and numpy (version 1.19.2) used in our
high-performance computing cluster environment. We selected
the specific RNN algorithm by setting the “--model“ argument
to be “GRUforward,” “GRU0,” “GRUsimple,” and “GRUD”
for GRU-forward, GRU-mean, GRU-simple, and GRU-D,
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respectively. We utilized the default hyperparameters of the
algorithm; however, in our testing, we found that increasing the
batch size from 32 to 256 facilitated faster training of the
algorithms. Therefore, a batch size of 256 is the only nondefault
hyperparameter selection made in our implementation of the
RNN algorithms.

Temporal Cohort Split
As depicted in the CONSORT (Consolidated Standards of
Reporting Trials) diagram of Figure 1, patients who first tested
positive for COVID-19 from March 1, 2020 through December
15, 2020 (9435/11,807, 79.9%) were assigned to a model
selection cohort, whereas patients who first tested positive for
COVID-19 from December 16, 2020 through January 27, 2021
(2372/11,807, 20.1%) were used as a prospective testing cohort
for the final algorithm. All experiments in the model selection
cohort were performed using an identical 10-fold stratified
cross-validation using binary classification with the positive
class defined as death within 21 days of the first positive PCR
test result. Only the single best performing model was evaluated
on the prospective cohort after being fit against the entire model
selection cohort.

Figure 1. CONSORT (Consolidated Standards of Reporting Trials) diagram demonstrating the temporal split of our cohort for model selection and
prospective validation.

Results
Model Selection
In Figure 2 and Table 2, we compared the results of our various
models by using cross-validation area under the receiver
operator characteristic (AUROC) curve in the training cohort.
Although not in a statistically significant way, we recapitulated
the findings of Che et al [16], discovering that the GRU-D model
has the highest average cross-validation AUROC curve among
all other standard variants of GRU modeling in time series with
missing values. In addition, GRU-Simple has higher average
cross-validation AUROC curve than the GRU-Forward and
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GRU-Mean, and the most notable difference underlying these
categories is the inclusion of missingness indicators as features
to GRU-Simple, which could indicate the value of MNAR
patterns in the classification task. GRU-D’s biologically inspired
architecture attempts to make even more efficient use of this
information and exceeds the performance of all the tested RNN
methods. AutoGluon, which only had access to the last
measurement of each variable, showed strong performance
despite this limitation. In Table 2, each individual AutoGluon
model was also benchmarked (those with suffix “-AutoGluon”),
along with the final ensemble estimate (labeled simply as
“AutoGluon”). Although GRU-D ultimately outranked
AutoGluon, each method’s performance fell within the other’s
J Med Internet Res 2021 | vol. 23 | iss. 9 | e30157 | p.1730
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standard error intervals. AutoGluon’s automated hyperparameter
tuning and model stacking may indicate that GRU-D could
benefit from the addition of hyperparameter search. However,
this process may risk overfitting this cross-validation data set,

Sankaranarayanan et al
and thus, we selected GRU-D with the default settings rather
than attempting to further improve the cross-validation AUROC
curve via hyperparameter optimization.

Figure 2. Receiver operating characteristic curves for the 18 models evaluated. AUROC: area under the receiver operating characteristic.
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Table 2. Modeling results sorted by performance.
Model

Area under the receiver operator characteristic curve (SE)

KNeighborsUnif-AutoGluon

0.648 (0.011)

KNeighborsDist-AutoGluon

0.649 (0.011)

NeuralNetFastAI-AutoGluon

0.858 (0.013)

LightGBMLarge-AutoGluon

0.867 (0.014)

NeuralNetMXNet-AutoGluon

0.907 (0.008)

RandomForestGini-AutoGluon

0.911 (0.007)

ExtraTreesGini-AutoGluon

0.911 (0.009)

RandomForestEntr-AutoGluon

0.917 (0.008)

ExtraTreesEntr-AutoGluon

0.918 (0.007)

LightGBM-AutoGluon

0.929 (0.007)

XGBoost-AutoGluon

0.931 (0.006)

LightGBMXT-AutoGluon

0.931 (0.005)

GRU-Mean

0.932 (0.005)

GRU-Forward

0.933 (0.006)

CatBoost-AutoGluon

0.933 (0.005)

AutoGluon

0.934 (0.005)

GRU-Simple

0.935 (0.004)

GRU-D

0.938 (0.004)

Length of Time Series
Clearly, we would expect availability of more time series data
to result in improved model performance. To determine if
predictions could be made utilizing data prior to 72 hours of a
patient’s first positive PCR test result, we assessed the
performance of GRU-D when we restricted the time series to

12, 24, 48, and 72 hours of follow-up after the first positive
PCR test result. The results in Table 3 demonstrate that although
we lose performance when predicting earlier in the patient’s
disease, we are still able to provide accurate predictions even
using data within the same day (12 hours of follow-up) that a
patient tests positive for COVID.

Table 3. GRU-D performance versus length of time series.
Follow-up after positive finding for polymerase chain reaction

Area under the receiver operator characteristic curve (SE)

12 h

0.916 (0.005)

24 h

0.919 (0.006)

48 h

0.925 (0.005)

72 h

0.938 (0.004)

MNAR as an Asset and Feature Importance
To demonstrate the fact that MNAR data can improve model
predictions by GRU-D, we generated a synthetic data set with
laboratory test values replaced by Bernoulli coin flips.
Therefore, the only valuable information contained within this
data set’s laboratory values is the missing data patterns that can
be viewed as encoding clinical suspicion or concern. For
instance, the D-dimer laboratory value is ordered less frequently
than other tests, and therefore, its presence alone can be
informative of clinical concern for thrombotic events. Our results
found that randomizing the laboratory values resulted in an
AUROC curve of 0.904 (0.006), which indicates that the
laboratory values in aggregate contributed 0.034 to the AUROC
score (since this is the drop in performance compared to the
https://www.jmir.org/2021/9/e30157
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model with actual laboratory values). We ran a further
experiment omitting the laboratory values entirely, which
produced a lower AUROC of 0.890 (0.006). Therefore, the
missing patterns alone contributed 0.014 to the AUROC. To
contextualize this finding, we dropped each feature individually
from the model, assessed the decrease in the AUROC score,
and summarized the top 10 features in the decreasing order of
the difference in the AUROC score (Figure 3). We note here
that the drop due to missing patterns exceeds the drop due to
removing any single variable from the analysis, making the
MNAR pattern one of the most valuable pieces of information
available to GRU-D. In Multimedia Appendix 1, we show a
detailed error analysis of our model using these top 10 features.
The fact that age and Charlson comorbidity index are the most
significant contributors to mortality prediction is consistent with
J Med Internet Res 2021 | vol. 23 | iss. 9 | e30157 | p.1732
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the well-known risk factors for COVID mortality. The findings
of the fibrinogen test, serum iron test, and ferritin test were the
3 most important laboratory values in our models. The presence
of chronic kidney disease, weight, serology test, and SpO2 were
the clinical covariates that also ranked in the top 10 variables
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by importance. Interestingly, height had low importance,
indicating that BMI may not be as effective as weight itself in
mortality prediction. However, a limitation of this
drop-one-feature variable importance is that a low-ranking
feature such as height cannot be said to be irrelevant, just that
any information it carries is redundant within other features.

Figure 3. Feature importance in the GRU-D recurrent neural network model as defined by the average drop in the area under the receiver operator
characteristic curve (with 95% CI) when each feature is individually removed from the analysis. The top 5 features are seen to be age, Charlson
comorbidity index, minimum oxygen saturation, fibrinogen levels, and serum iron levels. AUROC: area under the receiver operator characteristic.

Prospective Validation and Survival Analysis
To demonstrate the efficacy of our proposed mortality
prediction, we performed a Kaplan-Meier analysis using the
survival R library [17]. Specifically, we chose a decision
boundary on the GRU-D model’s ROC curve, which provided
a specific delineation of high-risk and low-risk groups of
patients. In our cross-validation cohort, binary classification
provides accuracy of 89% (95% CI 88%-90%), recall of 80%
(95% CI 74%-85%), precision of 17% (95% CI 15%-19%), and
a negative predictive value of 99% (95% CI 99%-100%).
Furthermore, although the precision is somewhat low with
numerous false positives, we see among the survivors over twice
the rate of mechanical ventilation or extracorporeal membrane
oxygenation when they are predicted to die by GRU-D (Fisher
exact test P<.001, odds ratio 2.1, 95% CI 1.8-2.5). We validated
this performance in our prospective testing cohort, finding an
AUROC of 0.901, accuracy of 78% (95% CI 76%-79%), recall
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of 85% (95% CI 77%-91%), precision of 14% (95% CI
12%-17%), and a negative predictive value of 99% (95% CI
99%-100%).
Our Kaplan-Meier analysis results in Figure 4 demonstrate the
statistically significant stratification provided by our ML model
in both the cross-validation and prospective testing experiments.
Building a Cox Proportional Hazards model for our prediction
in the cross-validation cohort provides a statistically significant
difference in survival between the 2 groups (P<.001 for the
likelihood ratio, logrank, and Wald tests), with a prediction of
survival having a substantially improved hazard ratio of 0.053
(95% CI 0.043-0.066). We validated this finding in the
prospective testing cohort with a statistically significant
difference in survival between the 2 groups (P<.001 for the
likelihood ratio, logrank, and Wald tests), with a prediction of
survival having a substantially improved hazard ratio of 0.067
(95% CI 0.043-0.106).
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Figure 4. Kaplan-Meier survival curves for the GRU-D stratified populations in the cross-validation cohort (main figure) and the prospective test cohort
(inset), where teal is the prediction of low risk of death and red is the prediction of high risk. Both figures have 95% CIs visualized for the teal and red
curves, although the teal confidence bands are tight due to our large sample sizes.

Discussion
Study Overview
In this study, we collected and processed over 50 laboratory
and clinical covariates in a population of nearly 12,000 Mayo
Clinic patients who tested positive for SARS-CoV-2 by PCR.
In this large and geographically diverse data set, we found that
the GRU-D RNN could provide state-of-the-art mortality
prediction. This performance remained strong even in a held-out
test set that mimics how a deployed system would be trained
retrospectively and then prospectively utilized in a clinically
evolving pandemic setting.
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Principal Results
Our cross-validation experiments summarized in Table 2
indicated that the top performing model to predict mortality in
our cohort was the GRU-D RNN. We thus selected the GRU-D
method to predict the mortality of patients with COVID-19 and
prospectively found an AUROC of 0.901, accuracy of 78%
(95% CI 76%-79%), recall of 85% (95% CI 77%-91%),
precision of 14% (95% CI 12%-17%), negative predictive value
of 99% (95% CI 99%-100%), and a statistically significant
difference in survival (P<.001, hazard ratio for those predicted
to survive, 95% CI 0.043-0.106). As can be expected in
prospective validation, we observed a modest drop in AUROC
although most of the performance characteristics were close to
their original cross-validation estimates, that is, the negative
predictive value was largely unchanged, while precision and
J Med Internet Res 2021 | vol. 23 | iss. 9 | e30157 | p.1734
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accuracy showed minor decreases with the recall showing
modest improvements.
We chose a prospective/retrospective split in time since this is
the most realistic way to assess the potential performance of a
system if launched clinically, because it would be trained on
data up until its go-live date and then run prospectively in a
potentially evolving pandemic environment. Notably, the cutoff
date for the 80/20 split creating the prospective test set was
December 15, 2020, which is the day after the first COVID
vaccine received the United States Food and Drug
Administration approval, meaning that our prospective cohort
represented a distinctly different clinical environment compared
to the period in which the model was trained. The relatively
minor loss of performance in prospective validation shows the
robustness of the modeling herein, but the observed loss of
performance also demonstrates the need for continued
retraining/validation of such a model during a constantly
evolving pandemic.

Limitations
The application and deployment of ML methods in clinical
practice require concerted care and diligence. One may be
inclined to interpret the high negative predictive value of our
prediction algorithm as an indication that the best use of the
algorithm in practice is as a screening mechanism to discharge
patients who are not at risk in order to conserve resources for
higher-risk individuals. However, such a conclusion illustrates
a pitfall of using a correlative prediction algorithm to make
causal conclusions. The algorithm is highly confident that under
the current standards of care at Mayo Clinic, these individuals
are not likely to succumb to their illness; this is quite distinct
from asserting that it is safe to reduce the care for these patients.
Arriving at this latter conclusion would likely require a
randomized controlled trial, and given the much lower survival
rate published in the New York City data set [11] where medical
systems were overcapacity, it seems unlikely that reducing care
from those who survived in our cohort would have been a safe
measure. Because the Mayo Clinic health systems have not been
overcapacity, our mortality predictions should be viewed as
representing patient stratification when full clinical support is
available.
Therefore, we conclude that the algorithm is better deployed as
an alert system that flags only those patients it deems as high
risk to provide the treating physician with an additional data
point that aims to summarize the many covariates and the
laboratory values routinely available. In this context, the
algorithm has had abundant experience in the provider’s system,
effectively “seeing” all patients with COVID-19 that have
attended Mayo Clinic and conveying these lessons to physicians
who could not have gained such experience personally.
A web interface to this model may allow for widespread usage
but given the complexity and error-prone nature of users
providing the high dimensional time-series measurements with
correct units, the system is better suited for integration within
the EHR/LIS infrastructure. We are now exploring the details
of deployment of such a GRU-D alert system, which involves
discussions with physicians to assess numerous implementation
details, for example, deciding whether the alerts would be
https://www.jmir.org/2021/9/e30157
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passive EHR/chart-based flags or a direct page to the frontline
clinical provider. Passive chart alerts are less intrusive to
existing workflows (ie, a direct page interrupts a physician while
tending to other patients) but also provide less-immediate
feedback. Additionally, active alerts could also be sent to a
triage group to consider if evaluation is needed (for example,
from the registered respiratory therapist) rather than interrupting
bedside clinicians. Furthermore, for either type of alert, there
is the question of prescribing a bedside assessment or leaving
it to provider discretion, which is again a matter of balancing
disruption of the workflow with the likelihood of missing a
critical event. There will not be a universally appropriate
implementation for all hospital systems owing to staffing and
procedural differences. However, since our algorithm predicts
overall COVID-19 mortality and is not tailored to flag imminent
events such as cardiopulmonary arrest, it may be appropriate
to consider less intrusive chart alerts without prescribed bedside
follow-ups.
We have also seen nuances in the challenges and opportunities
presented by MNAR data. In the context of traditional statistical
inference and imputation, MNAR data is a worst-case scenario
so challenging that many practical applications effectively ignore
the reality and proceed with algorithms designed for the missing
completely at random or missing at random settings. A diligent
statistician making this decision may perform a sensitivity
analysis under a very limited set of assumed MNAR mechanisms
to provide some assurances regarding the robustness of the
chosen imputation or analytical strategy [18]. However, here
we have demonstrated that classification problems can be quite
distinct in this regard. Specifically, if the missing data
mechanism is tightly coupled to the ultimate prediction task, it
is entirely possible for MNAR data to be an asset rather than
an impediment. One can construct a context where the class
label is so tightly linked to the missing data mechanism that the
patterns of missingness provide more discriminative power than
the underlying values themselves (see Multimedia Appendix
2) [19]. In LIS systems, the number of potential laboratory tests
that could be ordered at any time is astronomical, and it is
unlikely that a practicing physician will ever order a “complete
observation” of every test available on a single patient at every
point in time. Instead, tests are ordered based on reasonable
clinical suspicion that a test might return an abnormal result.
From a prognostication point of view, this clinical suspicion is
an enormously valuable piece of information that will almost
never be captured in a structured data field in the EHR. If an
algorithm cannot build off of this clinical suspicion as a starting
point, it is also likely that its conclusions may appear to be a
“step behind” the ordering clinician. Instead, an algorithm
should learn what it can from the MNAR data patterns (here
partly encoding clinical suspicion) in addition to the final value
returned by the laboratory test.
We also note some of the real-world challenges that are faced
when attempting to deploy such an alert system into clinical
practice. First, in the retrospective experimental design followed
here and by other papers in the literature, the time series data
are constructed using the time of sample collection since this
is the most biologically accurate way to represent the data and
build predictive models. However, in practice, if there can be
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delays in the turnaround for certain tests, this will either result
in delayed predictions (so that the deployed testing data match
its retrospective training counterpart) or result in biased
predictions when delayed laboratory test results are treated as
missing. Therefore, although 72 hours is early in the course of
illness, it is crucial that we have demonstrated reasonable
performance even when only considering data collected on the
same day as the first positive PCR result, because a real-world
delay of 48 hours on certain laboratory test values may occur
during a global pandemic, and thus, it is critical that the system
can still provide accurate and timely predictions even when
laboratory test results are delayed. Additionally, with vaccines
now being delivered, the models presented herein should be
considered as mortality predictions for an unvaccinated
individual, and in practice, a vaccinated individual will be
expected to be at low risk for mortality based on the clinical
trials data.
Another challenge in dealing with LIS data comes from
nonstandardization of test coding prior to reporting to the EHR.
In a multisite system, the same laboratory test may have multiple
test codes to account for the different ordering facilities or
variability in local billing regulations. This creates the potential
for discrepancies in the values stored within the underlying
database such as differing units of measure. Substantial effort
is therefore devoted to linking the LIS results to the EHR to
ensure consistency across test codes and complete coverage of
results in the EHR. The COVID-19 pandemic has created added
complexity due to the rapidly evolving and continuously
updating availability of COVID-19 nucleic acid and antibody
tests. Therefore, effective data collection and deployment of
ML methodologies necessitates extensive team-based laboratory
and medical expertise to ensure that data aggregation and
modeling efforts can be rapidly modified to suit the changing
nature of the underlying data set. Scalability also presents
practical challenges. This is illustrated by a scenario in which
internal workflows began to fail due to limitations in the number
of query results being returned by Tableau, necessitating that
SQL queries take place on a high-performance computing cluster
using a Python/Pandas toolchain. Although these logistical
challenges may be of limited academic interest, they are
important to document, as such barriers have been a greater
impediment to rapid real world deployment than more traditional
topics in the ML literature such as the identification of
appropriate classification algorithms.
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Comparison With Prior Work
For context, in Table 4, we summarize some of the largest
published COVID-19 mortality studies and specifically, the
cohorts analyzed and the most relevant features identified. When
smaller cohorts see insufficient numbers of deaths for direct
mortality prediction, studies tend to focus on the prediction of
severe outcomes. For instance, in a cohort of 123 patients with
COVID-19 in Vulcan Hill Hospital, China, in the study of Pan
et al [20], the mortality classifier based on XGBoost yielded an
AUC of 0.86-0.92. Likewise, in a cohort of 372 Chinese cases
(99.7% cohort survival rate), Gong et al [9] found that the
following variables provided an AUROC of 0.85. Similarly, in
a study of 375 patients with COVID-19 conducted by Ko et al
[21], the mortality prediction model based on XGBoost had
92% accuracy. In a study of 398 COVID-19–positive patients
by Abdulaal et al [22], 86% accuracy was achieved (95% CI
75%-93%). In a large study of 2160 cases over 54 days from 3
hospitals in Wuhan, China with sufficient cases to assess
mortality (88% cohort survival rate), Gao et al [8] reported
0.92-0.98 as the AUROC using an ensemble classifier.
Furthermore, Vaid et al [11] used 4098 inpatient cases over 68
days in New York City (83% cohort survival rate) to achieve
an AUROC of 0.84-0.88 in mortality prediction. Kim et al [23]
studied 4787 patients and their XGBoost-based classifier
demonstrated an AUC of 0.88-0.89 (95% CI 0.85-0.91) in
predicting the need for intensive care, which is distinct from
mortality prediction. Bolourani et al [24] studied 11,525 patients
to achieve an AUROC of 0.77 in predicting respiratory failure
within 48 hours of admission, which is also distinct from
mortality prediction, based on data from the emergency
department by using an XGBoost model.
The dramatically different cohort mortality rates and the
associated predictive accuracies may be in part due to the
differing straining of the local health care systems at the time
of study (both Wuhan and New York City experienced waves
of patients that at different times overwhelmed the health care
infrastructure), and the relatively geographically narrow nature
of each of these data sets underscores why it is unlikely that
these mortality predictions would extend directly to our patient
population in a health care system spanning 3 time zones and
multiple locales unrepresented in the literature.
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Table 4. Summary of the related studies.
Study

Patients (n) Model/algorithm

Cohort

Prediction

Area under the receiver operating
characteristic curve

Feature importance

Lymphocyte percentage, prothrombin
time, lactate dehydrogenase, total bilirubin, eosinophil percentage, creatinine,
neutrophil percentage, and albumin level

survival
Pan et al [20]

123

XGBoost

52.8%

Mortality

0.86-0.92

Gong et al [9]

372

Nomogram

99.7%

Severity

0.85 (95% CI 0.790- Higher lactate dehydrogenase, C-reactive
0.916)
protein, red blood cell distribution width,
direct bilirubin, blood urea nitrogen, and
lower
albumin

Ko et al [21]

375

XGBoost

98.1%

Mortality

—,a accuracy of
92%

Abdulaal et al
[22]

398

Artificial neural

—

Mortality

—, accuracy of 86% Altered mentation, dyspnea, age, collapse,
(95% CI 75%-93%) gender, and cough

Shi et al [10]

487

100%

Severity

—

Advanced age, presence of hypertension,
and being male

Mortality

0.92-0.98

Consciousness, chronic kidney disease,
lymphocyte counts, sex, sputum, blood
urea nitrogen, respiratory rate, oxygen
saturation, D-dimer, number of comorbidities, albumin, age, fever, and platelet count

Mortality

0.84-0.88

Age, anion gap, C-reactive protein, lactate
dehydrogenase, oxygen saturation, blood
urea nitrogen, ferritin, red cell distribution
width, and

network
Custom risk score
calculation

Gao et al [8]

2160

Ensemble model based 88%
on logistic regression,
gradient-boosted decision tree, neural network, and support

Not assessed

vector machine
Vaid et al [11]

4098

XGBoost

83%

diastolic blood pressure.
Kim et al [23]

4787

XGBoost

—

Need for

0.88-0.89

intensive
care

a

Bolourani et al
[24]

11,525

This study

11,807

XGBoost

—

Predicting

underlying comorbidities
0.77

respiratory
failure

GRU-D

95.4%

Mortality

Activities of daily living, age, dyspnea,
body temperature, sex, and

Invasive mode of oxygen delivery being
a nonrebreather mask, emergency severity
index values of 1 and 3, maximum respiratory rate, maximum, oxygen saturation,
Black race, age on admission, eosinophil
percentage, serum sodium level, and
serum lactate level.

0.938 cross-valida- Figure 2, top 5: age, Charlson comorbidity
tion; 0.901 prospec- index, minimum oxygen saturation, fibrinotively
gen level, and serum iron level

Not available.

As indicated in Table 4, this study represents the largest cohort
collected for mortality prediction in COVID-19, and the GRU-D
algorithm shows state-of-the-art performance. Notably, many
papers selected models based on XGBoost, which also showed
strong cross-validation performance in our data. However, Table
2 demonstrates that XGBoost was not even in the top 5
algorithms that we assessed. Additionally, in agreement with
Gao et al [8], we find that ensemble algorithms such as
AutoGluon can provide stronger performance, although as noted
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previously, the GRU-D algorithm ended up ranked most highly
in our cross-validation experiments.

Conclusions
We have aggregated and analyzed one of the largest multistate
COVID-19 EHR databases for mortality prediction. Using this
database, we have trained and prospectively validated a highly
effective ML algorithm using the GRU-D neural network
architecture to predict the mortality of patients with COVID-19
shortly after their first positive PCR test result.
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Abstract
Background: COVID-19 has threatened the health of tens of millions of people all over the world. Massive research efforts
have been made in response to the COVID-19 pandemic. Utilization of clinical data can accelerate these research efforts to combat
the pandemic since important characteristics of the patients are often found by examining the clinical data. Publicly accessible
clinical data on COVID-19, however, remain limited despite the immediate need.
Objective: To provide shareable clinical data to catalyze COVID-19 research, we present Columbia Open Health Data for
COVID-19 Research (COHD-COVID), a publicly accessible database providing clinical concept prevalence, clinical concept
co-occurrence, and clinical symptom prevalence for hospitalized patients with COVID-19. COHD-COVID also provides data
on hospitalized patients with influenza and general hospitalized patients as comparator cohorts.
Methods: The data used in COHD-COVID were obtained from NewYork-Presbyterian/Columbia University Irving Medical
Center’s electronic health records database. Condition, drug, and procedure concepts were obtained from the visits of identified
patients from the cohorts. Rare concepts were excluded, and the true concept counts were perturbed using Poisson randomization
to protect patient privacy. Concept prevalence, concept prevalence ratio, concept co-occurrence, and symptom prevalence were
calculated using the obtained concepts.
Results: Concept prevalence and concept prevalence ratio analyses showed the clinical characteristics of the COVID-19 cohorts,
confirming the well-known characteristics of COVID-19 (eg, acute lower respiratory tract infection and cough). The concepts
related to the well-known characteristics of COVID-19 recorded high prevalence and high prevalence ratio in the COVID-19
cohort compared to the hospitalized influenza cohort and general hospitalized cohort. Concept co-occurrence analyses showed
potential associations between specific concepts. In case of acute lower respiratory tract infection in the COVID-19 cohort, a
high co-occurrence ratio was obtained with COVID-19–related concepts and commonly used drugs (eg, disease due to coronavirus
and acetaminophen). Symptom prevalence analysis indicated symptom-level characteristics of the cohorts and confirmed that
well-known symptoms of COVID-19 (eg, fever, cough, and dyspnea) showed higher prevalence than the hospitalized influenza
cohort and the general hospitalized cohort.
Conclusions: We present COHD-COVID, a publicly accessible database providing useful clinical data for hospitalized patients
with COVID-19, hospitalized patients with influenza, and general hospitalized patients. We expect COHD-COVID to provide
researchers and clinicians quantitative measures of COVID-19–related clinical features to better understand and combat the
pandemic.
(J Med Internet Res 2021;23(9):e31122) doi:10.2196/31122
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Introduction
COVID-19 has threatened the health of tens of millions of
people all over the world. The global pandemic caused by
COVID-19 has sparked massive research efforts in the fight
against the novel disease, including characterizing the disease
and clinical progression, identifying risk factors for
hospitalization, and finding drugs that can be repurposed to
lessen disease severity [1-3]. Utilization of clinical data from
different institutions, hospitals, and nations can accelerate these
research efforts since important characteristics of the patients
are often found by examining the shared clinical data. Although
many studies sharing epidemiological data [4,5], public health
[6], and social measures [7] for COVID-19 research have been
conducted, publicly accessible clinical data on COVID-19
remain limited despite the immediate need [8], mainly owing
to the potential risk to patient privacy that can still exist even
after deidentification of the data [9].
Recognizing the need for publicly accessible electronic health
record (EHR)–derived data in a broad range of clinical and
translational research, we previously developed Columbia Open
Health Data (COHD). COHD provides open and easy access
to prevalence and co-occurrence statistics on conditions, drugs,
procedures, and demographics derived from structured EHR
data from NewYork-Presbyterian/Columbia University Irving
Medical Center (NYP/CUIMC) [10], which serves the large
and diverse population of NYC and its surrounding areas. Since
its deployment, COHD has accelerated biomedical research by
providing 2 informative resources, prevalence and co-occurrence
statistics, and their derived association metrics [10-12].
NYC was one of the first epicenters of COVID-19 in the United
States with the first confirmed case on February 29, 2020 [13].
As one of the largest academic medical centers in NYC,
NYP/CUIMC has admitted more than 4000 patients as of
September 1, 2020. We aim to provide shareable clinical data
to catalyze future COVID-19 research by presenting Columbia
Open Health Data for COVID-19 Research (COHD-COVID),
a publicly accessible database providing clinical concept
prevalence, the clinical concept prevalence ratio between
cohorts, clinical concept co-occurrence, and clinical symptom
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prevalence for a cohort of hospitalized patients with COVID-19
and comparator cohorts (a cohort of hospitalized patients with
influenza and a general hospitalized patient cohort) derived
from NYP/CUIMC’s electronic health records. In addition to
providing publicly accessible data files via the Figshare data
repository, we also developed the COHD-COVID web
application programming interface (API) for easy access and
better usability.

Methods
Methods Overview
We used the term “concept” to refer to clinical entities and
events such as conditions (ie, diagnosis), drugs, and procedures.
The concepts and their names are defined by the Observational
Medical Outcomes Partnership (OMOP) Common Data Model
(CDM). When concepts are referenced in this paper, the name
of the concept is styled in italics (eg, Disorder of respiratory
system) to distinguish the formalized concepts from regular text.
We also styled entities in the OMOP CDM (eg, person_id
column in condition_occurrence table) in italics.
Figure 1 depicts the overall workflow to create COHD-COVID.
Columbia’s clinical data warehouse was converted to the OMOP
CDM. We first filtered the EHR data in accordance with the
cohort definitions, and then EHR for each patient’s inpatient
visits were identified. Condition, drug, and procedure concepts
were obtained from the identified visits. Concept prevalence,
concept prevalence ratio, concept co-occurrence, and symptom
prevalence analyses followed using the obtained concepts. To
protect patient privacy, we excluded rare concepts observed in
10 or fewer visits and perturbed the true counts using Poisson
randomization. Perturbation of the true counts and exclusion of
rare concepts reduce the uniqueness of individual in the data,
which can minimize the risk of reidentification [9]. Perturbed
counts generated by the Poisson randomization process do not
show a significant difference from the true counts [10]. The
resulting data were stored in a MySQL database and made
publicly available via the COHD-COVID web API [14]. All
analyses were conducted using Python 3.5.2. This study received
institutional review board approval with a waiver for informed
consent.
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Figure 1. Overall workflow of Columbia Open Health Data for COVID-19 Research (COHD-COVID). API: application programming interface;
NYP/CUIMC: NewYork-Presbyterian/Columbia University Irving Medical Center; OMOP CDM: Observational Medical Outcomes Partnership Common
Data Model.

Data Source
We utilized EHR data from the NYP/CUIMC’s clinical data
warehouse, where inpatient and outpatient data dating back to
1985 are stored. EHR data were collected during routine clinical
care. Patients were notified of potential uses of their data for
research at the point of care and data collection. NYP/CUIMC
has converted its clinical data warehouse to OMOP CDM on a
https://www.jmir.org/2021/9/e31122
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regular basis. Since NYP/CUIMC covers NYC and the
surrounding area, which has a diverse population of 8.2 million
people and was an early COVID-19 epicenter, the EHR data
from NYP/CUIMC can provide a diverse and large sample of
patients with COVID-19.
Three different patient cohorts were used in this study. The
COVID-19 cohort was defined as hospitalized patients aged
J Med Internet Res 2021 | vol. 23 | iss. 9 | e31122 | p.1743
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≥18 years with a COVID-19–related condition diagnosis or a
confirmed positive COVID-19 test result during their
hospitalization period or within the prior 21 days. Patients
identified with the COVID-19 cohort definition from March 1,
2020, to September 1, 2020, were included in the COVID-19
cohort. The influenza cohort was similarly defined as patients
aged ≥18 years who had at least 1 occurrence of influenza
conditions or precoordinated positive measurements or positive
influenza test results during their hospitalization period or within
the prior 21 days. The general cohort was defined as all
hospitalized patients aged ≥18 years. Patient visits from calendar
years 2014 to 2019 were included for the influenza and general
cohorts. All cohorts were divided into subcohorts stratified by
sex (male vs female) and age (adults aged 18-64 years vs seniors
aged >65 years) for further investigation. The COVID-19 and
influenza cohort definitions were adapted from the cohort
definitions created by the Observational Health Data Science
and Informatics’ (OHDSI’s) international network study for
COVID-19 [3]. Summary statistics of the cohorts are provided
in Table 1.

Lee et al
Patients belonging to the cohorts based on the 3 cohort
definitions above were identified using the unique person_id
from the person table in the OMOP CDM. Condition, drug, and
procedure concepts observed in these patients during inpatient
visits were extracted from the condition_occurrence,
drug_exposure, and procedure_occurrence tables in the OMOP
CDM, respectively. Inpatient visits of patients and the concepts
in these visits were identified using person_id along with
visit_occurrence_id from the visit_occurrence table. We used
visit-based counts instead of patient-based counts in the
following analyses for robust comparison between cohorts that
had different observation windows. For example, if we use
patient-based counts, the patients included in cohorts with longer
observation windows are likely to be observed with more
concepts than the patients in cohorts with shorter observation
windows, which could inject bias into the metrics used in the
analyses. Thus, we used visit-based counts to mitigate the effect
of different observation window lengths to reduce the bias.

Table 1. Basic statistics of 3 cohorts in the Columbia Open Health Data for COVID-19 Research database. The statistics summarized here are based
on the data from NewYork-Presbyterian/Columbia University Irving Medical Center as of September 1, 2020.
COVID-19 cohort

Influenza cohort

General cohort

Time range

March 1, 2020, to August 31, 2020 January 1, 2014, to December 12,
2019

January 1, 2014, to December 12,
2019

Patients, n

4127

3261

175,930

Total inpatient visits, n

4846

3860

314,680

Male patients; inpatient visits, n (%) 2103 (51.0); 2518 (52.0)

1454 (44.6); 1732 (44.9)

67,662 (38.5); 128,908 (41.0)

Female patients; inpatient visits, n
(%)

2024 (49.0); 2328 (48.0)

1807 (55.4); 2128 (55.1)

108,268 (61.5); 185,772 (59.0)

Adult patients (aged 18-64 years);
inpatient visits, n (%)

2147 (52.0); 2511 (51.8)

1315 (40.3); 1553 (40.2)

104,020 (59.1); 173,843 (55.2)

Senior patients (>65 years); inpatient visits, n (%)

1980 (48.0); 2335 (48.2)

1946 (59.7); 2307 (59.8)

71,910 (40.9); 140,837 (44.8)

Concept Prevalence and Concept Prevalence Ratio
Analysis
We calculated the concept prevalence in each cohort as detected
from the EHR. The concept prevalence is defined as in equation
(1).

where
is the prevalence of concept C in cohort H,
is the
set of unique inpatient visits of patients in cohort H observed
with concept C, and TH is the set of unique inpatient visits of
patients in cohort H. We also calculated hierarchical concept
prevalence by defining
as the set of unique visits of patients
observed with concept C or any of concept C’s descendant
concepts as defined in the concept_ancestor table in the OMOP
CDM. For example, the hierarchical count for Ibuprofen (OMOP
concept ID 1177480) not only includes entries where the specific
concept Ibuprofen was used, but also includes entries using
other descendant concepts, such as Ibuprofen 600 MG Oral
https://www.jmir.org/2021/9/e31122

XSL• FO
RenderX

Tablet (OMOP concept ID 19019073). Taking hierarchical
relationships into account mitigates some of the issues with
coding variations across time and practices as different concepts
with minor semantic differences can be aggregated into
higher-level concepts.
The concept prevalence ratio indicates how frequently concept
C occurs in cohort A relative to cohort B. The natural logarithm
of the concept prevalence ratio is defined as in equation (2).

where LR(CA,B) is the log ratio of the prevalence of concept C
for cohort A to cohort B,

is prevalence of concept C in cohort

A, and
is prevalence of concept C in cohort B. Hierarchical
concept prevalence ratio can be calculated by using hierarchical
concept prevalence

and

.
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Concept Co-occurrence Analysis
Concept co-occurrence represents how frequently a specific
concept pair appears in a cohort. We defined concept
co-occurrence prevalence as in equation (3).

where

is the co-occurrence prevalence of concepts C1 and

C2 in cohort H,
is the set of unique visits of patients observed
with concept C1 and C2 in cohort H, and TH is the set of unique
visits of patients in the cohort H. We also calculated hierarchical
concept co-occurrence using the hierarchy of concepts as
described above.

COVID-19 Symptom Prevalence Analysis
Since clinical symptoms often include multiple granular clinical
concepts, a set of related concepts for a symptom is required to
calculate the prevalence of the symptom. For example, dyspnea,
which is one of the major symptoms of COVID-19, can be
detected as standard concept Dyspnea or Acute respiratory
distress in different patients. The 2 concepts do not have any
hierarchical relationship and thus will not be aggregated by the
hierarchical prevalence analyses. Thus, a concept set containing
both Dyspnea and Acute respiratory distress is needed for
accurate calculation of the prevalence of dyspnea. We defined
symptom prevalence as in equation (4).
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domains [16]. We calculated the sum of nonrandomized counts
of all concepts on a monthly basis for the COVID-19 cohort
and on a yearly basis for the general and influenza cohorts. For
each of the condition, drug, and procedure domains, we
examined the total counts of concepts with the number of visits
to detect any issues regarding data quality and temporal
plausibility of the EHR data we used in the study [17]. We also
calculated the annual mean (SD) values of concept prevalence
and concept co-occurrence for the general and influenza cohorts
to assess the temporal variance of each concept and concept
co-occurrence pair.

Results
Results Overview
In this section, we show a sample of the results of analyses using
the data from COHD-COVID. Since COHD-COVID contains
massive amounts of data covering several thousand concepts,
it is worth noting that only a small sample of the results is shown
in this section. Users can obtain the results of interest in addition
to the results shown in this section by using the COHD-COVID
API [14] or by downloading the flat data files from Figshare
[15]. The results of all analyses, concept definitions, and
concepts included in each symptom are available as
tab-delimited flat files in Figshare, except the concept prevalence
ratio analyses, since they can be directly computed from concept
prevalence data. COHD-COVID API [14] provides all results.

Concept Prevalence Analysis
where
is prevalence of symptom S in cohort H,
is the set
of unique visits of patients observed with concept Ci, TH is the
set of unique visits of patients observed in the cohort H, s is the
number of the unique concepts in the concept set for symptom
S, and ∪ is the union operator. Hierarchy between concepts is
not considered in the symptom prevalence analysis since a
concept set of a symptom already reflects hierarchy for that
symptom.
We used concept sets for 11 major symptoms of COVID-19
(Cough, Chills, Abdominal pain, Diarrhea, Dyspnea, Fatigue,
Fever, Myalgia, Nausea and vomiting, Tachypnea, and Throat
pain), which have been defined by OHDSI to calculate symptom
prevalence. The concepts included in each symptom are
available in Figshare [15].

Data Quality Analysis
Assessing the quality of EHR data is critical for its effects on
secondary analysis for research in the health care and medical
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Figure 2 shows the prevalence of 10 condition (Figure 2A) and
drug concepts (Figure 2B) in the COVID-19 cohort, influenza
cohort, and general cohort. We chose the 10 most prevalent
condition and drug concepts in the COVID-19 cohort for this
use case. For drug concepts, we chose the most prevalent drug
ingredient concepts using hierarchical analysis to count multiple
drugs that have different brand names, dosages, and formulations
but are based on the same ingredients together. The condition
concepts were chosen without hierarchical analysis to identify
the top 10 specific conditions. Fever showed the highest
prevalence (0.2619) among all condition concepts for the
COVID-19 cohort, followed by Cough (0.2491) and Dyspnea
(0.2594). Acetaminophen was the most prevalent (0.7912) drug
ingredient used for patients with COVID-19, followed by
Enoxaparin (0.5803) and Glucose (0.4424). Figures 3 and 4
show the prevalence of 10 condition and drug concepts,
respectively, in the COVID-19 cohort stratified by age (Figures
3A and 4A) and gender (Figure 4A and 4B). The 10 condition
and drug concepts were the top 10 most prevalent concepts in
the full COVID-19 cohort without stratification.
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Figure 2. (A) Condition and (B) drug concept prevalence in the COVID-19 cohort, influenza cohort, and general cohort.

Figure 3. Condition concept prevalence in (A) age and (B) sex sub-cohorts of the COVID-19 cohort. The full COVID-19 cohort indicates original
COVID-19 cohort without stratification.
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Figure 4. Drug concept prevalence in (A) age and (B) sex subcohorts of the COVID-19 cohort. The full COVID-19 cohort indicates original COVID-19
cohort without stratification.

Concept Prevalence Ratio Analysis
Table 2 shows the top 10 condition concepts that showed the
highest concept prevalence ratio for the COVID-19 cohort
relative to the comparator cohorts (general cohort and influenza

cohort). Disease due to Coronavirus and Acute lower respiratory
tract infection showed the highest concept prevalence ratio for
the COVID-19 cohort relative to the influenza cohort and the
general cohort, respectively.

Table 2. Top 10 condition concepts that show the highest concept prevalence ratio for the COVID-19 cohort relative to the general and influenza
cohorts.
Influenza cohort (prevalence ratio)

General cohort (prevalence ratio)

Disease due to Coronavirus (3.28)

Acute lower respiratory tract infection (7.30)

Disorientated (2.44)

Disorder of respiratory system (5.56)

Blood chemistry abnormal (2.25)

General finding of observation of patient (5.17)

Acute respiratory distress syndrome (2.16)

Outcome of delivery – finding (5.13)

Cerebral infarction (1.84)

Chest pain on breathing (5.09)

Cough (1.81)

Disease due to Coronavirus (4.95)

Viral pneumonia (1.61)

Patient status finding (4.60)

Acute respiratory distress (1.52)

Unplanned pregnancy (4.23)

Heart disease (1.32)

Acute respiratory distress syndrome (4.17)

Delivery normal (1.28)

Deliveries by cesarean (3.98)

Concept Co-occurrence Analysis
Table 3 shows the top 10 most frequently co-occurring concepts
with Acute lower respiratory tract infection in the COVID-19
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cohort. Acute lower respiratory tract infection was chosen
among the 10 most prevalent condition concepts in the
COVID-19 cohort. We used nonhierarchical concept
co-occurrence to obtain the result.
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Table 3. The 10 concepts that most frequently co-occurred with Acute lower respiratory tract infection in the full COVID-19 cohort.
Concept name

Co-occurrence prevalence

Disease due to Coronavirus

0.2329

Radiologic examination, chest; single view

0.2214

Infectious agent detection by nucleic acid (DNA or RNA); severe acute respiratory syndrome coronavirus 2

0.2205

Acetaminophen 325 MG Oral Tablet

0.2037

0.4 ML Enoxaparin sodium 100 MG/ML Prefilled Syringe

0.1504

Hydroxychloroquine Sulfate 200 MG Oral Tablet

0.1246

50 ML Glucose 500 MG/ML Prefilled Syringe

0.1085

Ceftriaxone 1000 MG Injection

0.1073

Blood typing, serologic; ABO

0.1044

Glucose 0.4 MG/MG Oral Gel

0.0970

COVID-19 Symptom Prevalence Analysis

showed the highest prevalence among the 11 symptoms followed
by Fever and Cough.

Figure 5 shows the prevalence of the 11 major COVID-19
symptoms for all 3 cohorts. In the COVID-19 cohort, Dyspnea
Figure 5. Symptom prevalence of 11 major symptoms in patients with COVID-19 for all 3 cohorts.

Data Quality Analysis
Figure 6 shows the total counts across all concepts in the
condition domain (Figure 6A), drug domain (Figure 6B),
procedure domain (Figure 6C), and the total visits per month
between March 2020 and August 2020 (Figure 6D) for the
COVID-19 cohort. The total counts of conditions, drugs,
procedures, and total visits all show steep increases in March
and April 2020, when the number of COVID-19 cases surged
in NYC (Figure 6E) [18]. The total counts of all domains and
the total visits decreased starting May 2020 as the number of
patients with COVID-19 in NYC decreased.
Figure 7 shows the total counts per year across all concepts in
the condition domain (Figure 7A), drug domain (Figure 7B),
procedure domain (Figure 7C), and the total visits per year
between 2014 and 2019 (Figure 7D) for the general cohort and
influenza cohort. The total counts of conditions, drugs,
procedures, and total visits per year for the 2 cohorts show
consistent trends.
The annual mean (SD) value of concept prevalence and concept
co-occurrence for the general and influenza cohorts are available
https://www.jmir.org/2021/9/e31122
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in Figshare [15] to assess the temporal variance of each concept
and concept co-occurrence pair. The mean and standard
deviation of annual concept prevalence and co-occurrence
should only be compared to each other to assess the stability of
the concept over the given time period of the data set.
A change in the EHR system can affect the quality and
characteristics of EHR data collected for secondary research.
NYP/CUIMC changed its EHR system as of February 1, 2020,
from Allscripts to Epic, which might affect the COVID-19
cohort data and its characteristics as opposed to the influenza
and general cohorts, which were collected prior to the EHR
change. To detect the impact of the change, we performed a t
test for all concepts reported in the COVID-19 cohort between
the counts from a pre-Epic period (January 1, 2020, to January
31, 2020) and from a post-Epic period (February 1, 2020, to
February 29, 2020). The post-Epic period was chosen to
minimize the inclusion of dates when COVID-19 would have
impacted clinical practices in NYC. The counts of concepts
were recorded on a daily basis. We considered that there would
be no difference between the 2 periods if the counts for the
concept from the 2 periods are the same (ie, all 0 counts for the
J Med Internet Res 2021 | vol. 23 | iss. 9 | e31122 | p.1748
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2 periods). Of all 1066 unique concepts reported in the
COVID-19 cohort, 119 (11.2%) concepts showed a significant
difference (P≤.01) between the pre- and post-Epic periods. The
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P values of the t tests for all individual concepts are available
in Figshare [15] to allow users to factor in these data quality
considerations for each concept.

Figure 6. Total counts across all concepts in the (A) condition domain, (B) drug domain, (C) procedure domain, and (D) the total visits per month
between March 2020 and August 2020 for the COVID-19 cohort. (E) Total COVID-19–positive cases per day in New York City from March 2020 to
August 2020.

Figure 7. Total counts across all concepts in the (A) condition domain, (B) drug domain, (C) procedure domain, and (D) the total visits per year between
2014 and 2019 for the general and influenza cohort.
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Discussion
Principal Findings
In this study, we present a publicly accessible database providing
clinical concept prevalence, clinical concept co-occurrence, and
clinical symptom prevalence for hospitalized patients with
COVID-19, hospitalized patients with influenza, and general
hospitalized patients. We showed the utility of the data for future
data-driven studies by exploring the results of the concept
prevalence analysis, concept prevalence ratio analysis, concept
co-occurrence analysis, and symptom prevalence analysis.
Results from the analyses aligned with published findings and
can be used to find novel hypotheses as described in the
following discussion. The results of all analyses were provided
as flat files in Figshare [15] and also easily accessible through
web API [14].
Concept prevalence analysis on the 3 cohorts can be used to
determine the clinical characteristics of the COVID-19 cohort.
A comparison of the prevalence of these concepts between the
COVID-19 cohort and the influenza or general cohorts provides
contextual evidence regarding whether the concept is associated
with COVID-19 or if it is common among hospitalized patients.
Figure 2A shows that Fever, Cough, Dyspnea, and Acute lower
respiratory syndrome were more highly prevalent in the
COVID-19 cohort than in the 2 comparator cohorts. The
concepts highly prevalent in the COVID-19 cohort were
well-known symptoms of COVID-19, concurrent with existing
studies. As shown in Figure 2B, Hydroxychloriquine, which
was one of the drugs widely administered to patients with
COVID-19 [19] during the early months of the pandemic,
showed high prevalence in the COVID-19 cohort.
Concept prevalence analysis on the COVID-19 cohort and its
subcohorts can be used to determine the clinical characteristics
of the subcohorts and determine if these characters differ
between the sexes or between adult and older patients. Figure
3A shows that the senior cohort had higher prevalences in all
10 condition concepts than the full and adult cohorts and also
shows that Essential hypertension and Hypoxemia were
particularly more prevalent in senior patients with COVID-19,
which indicates that senior patients are more likely to have these
apparent symptoms of COVID-19 than adult patients. Figure
4A shows that drug ingredients related to type 2 diabetes (eg,
Glucose and Insulin Lispro) showed higher prevalence in senior
patients than in adult patients, which indicates that type 2
diabetes is a more common comorbidity among senior patients
with COVID-19.
Concept prevalence ratio analysis can be used to unveil how
often specific concepts appeared in the COVID-19 cohort
compared to the comparator cohorts. Table 2 shows that
common and general symptoms of COVID-19 (eg, Chest pain
on breathing, Cough, and Disease due to coronavirus) showed
a high prevalence ratio in the COVID-19 cohort relative to the
general cohort. In contrast, more severe symptoms of COVID-19
(eg, Disoriented, Acute respiratory distress syndrome, Viral
pneumonia, and Blood chemistry abnormal) showed a higher
prevalence ratio in the COVID-19 cohort than in the influenza
cohort. Since both cohorts include hospitalized patients, these
https://www.jmir.org/2021/9/e31122
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results may indicate that the aforementioned conditions are
more strongly associated with the SARS-CoV-2 infection than
with influenza. We also observed high prevalence ratios in
concepts related to delivery in the COVID-19 cohort relative
to the general cohort. Regrading Outcome of delivery – finding;
for example, we observed a visit prevalence rate of 1.18% in
the COVID-19 cohort, but only 0.0070% in the general cohort,
yielding a prevalence ratio of 5.13. During normal times,
deliveries only account for a small fraction of all inpatient visits.
However, during the pandemic, there was a dramatic decrease
in elective surgeries and hospitalizations besides those related
to COVID-19 since hospital capacity was diverted their focus
toward patients with COVID-19. In contrast, patients going into
labor cannot be rescheduled and were regularly tested for
SARS-CoV-2, which increased their representation within the
COVID-19 cohort.
Potential associations between specific concepts of interest can
be found through co-occurrence analysis. For instance, Table
3 confirms that the concepts associated with SARS-CoV-2 tests
(ie, Disease due to Coronavirus, Radiologic examination, chest;
single view, and Infectious agent detection by nucleic acid [DNA
or RNA]; severe acute respiratory syndrome coronavirus 2)
showed high co-occurrence prevalence with Acute lower
respiratory tract infection, which shows natural strong
associations between testing concepts for COVID-19 and one
of the most prevalent concepts in the COVID-19 cohort.
Symptom prevalence analysis can be used to examine
symptom-level characteristics of the cohorts. The COVID-19
cohort showed higher prevalence in dyspnea, fever, and cough
symptoms than the other 2 comparator cohorts, which is
concurrent with the known characteristics and symptoms of
COVID-19 [20]. In contrast, a few of the known COVID-19
symptoms (eg, myalgia, throat pain, and chills) did now show
high prevalence in the COVID-19 cohort, which might indicate
that those symptoms are not clinically distinctively prevalent
in patients with COVID-19.
Most of the results from the analyses align with those of existing
studies, thus empirically validating the utility of COHD-COVID.
COHD-COVID also can be used to find novel hypotheses related
COVID-19. COHD-COVID can be used as cross-institutional
data to validate or support other COVID-19 studies. For
instance, the high prevalence ratio of Cerebral infarction in the
COVID-19 cohort compared to that in the influenza cohort
(Table 2) corroborates with reports from a few studies that
SARS-CoV-2 might be more likely to cause thrombotic vascular
events, including stroke, than other coronavirus and seasonal
infectious diseases [21,22].
While we admit that the aggregated concept-level analyses may
not be suitable to answer some clinical research questions,
COHD-COVID will be useful for hypothesis generation and
for validating emerging newly published findings on COVID-19
using real-world data. COHD, the precedent study of
COHD-COVID, has been integrated into the National Center
for Advancing Translational Sciences Biomedical Data
Translator program, where the EHR-based data associations
from COHD are linked to other sources of knowledge via
knowledge graphs, allowing automated algorithms to perform
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reasoning on these knowledge graphs to answer biomedical
questions and suggest novel hypotheses [23,24].

Limitations
There are several limitations to this study, which should be
noted. One of the limitations is that analyses performed in this
study can be affected by the factors included in the data
acquisition process (eg, change in the EHR system, human
biases, and errors during entry). For example, coding trends and
patterns (ie, the trend and pattern of frequently used concepts)
can be changed through a shift in system. Another limitation is
that multiple visits from the same patient can be used to calculate
the metrics in the analyses since we used visit-based counts
instead of patient-based counts for the analyses. This could
affect the results of the specific concepts appearing in patients
who are hospitalized more frequently. We also admit that some
of results from the analyses cannot be validated by existing or
up-to-date findings, considering rapidly growing and changing
knowledge related to COVID-19. Thus, it is desirable to conduct
a literature search before utilizing the data and results. We will
update the data and results on a regular basis to further alleviate
this limitation.
The EHR data used in this study were obtained from a single
site: NYP/CUIMC. Even though NYP/CUIMC is a large
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academic medical center whose services cover the city and its
surrounding areas, we admit that performing the analyses on
the basis of the EHR data across multiple institutions and nations
will be beneficial since multiple sites can diversify the
population, improve accuracy, increase power and sensitivity
to rare conditions, validate results by comparing across sites,
and reduce variance that might exist in specific locations. Since
the OMOP CDM provides the fundamentals to perform the
same analyses on clinical data across different sites, we hope
to collaborate with future studies sharing clinical characteristics
of patients with COVID-19 and to generate a larger, richer, and
more robust database that can be leveraged in translational
research on COVID-19.

Conclusions
In this study, we present COHD-COVID, a publicly accessible
database providing useful clinical data for hospitalized patients
with COVID-19, hospitalized patients with influenza, and
general hospitalized patients. The analyses using the data from
COHD-COVID confirmed the well-known clinical
characteristics of patients with COVID-19 and can also be used
to find novel hypotheses related to COVID-19. We expect
COHD-COVID will provide researchers and clinicians
quantitative measures of COVID-19–related clinical features
to better understand and combat the pandemic.
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